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Abstract

This study examines how fraud, regulatory events, and Reddit sentiment affect the price volatility of
cryptocurrencies (Bitcoin, Ethereum, Bloomberg Galaxy Crypto Index, Compass Crypto Index, NASDAQ
Crypto Index) versus traditional securities (S&P 500, FTSE 100, Nikkei 225) from 17 July 2010 to 31
March 2025. Using a multi-method approach—event study analysis, EGARCH(1,1) modelling, and
Granger causality testing—it analyses 30 fraud and regulatory events and Reddit sentiment to address event
impacts, differential market responses, and sentiment’s predictive power. Findings reveal crypto volatility
cascades, with fraud events driving significant volatility in cryptocurrencies, notably Ethereum, while
traditional securities remain stable due to diversified trust networks. Regulatory events highlight a
regulatory asymmetry paradox, stabilizing traditional markets but amplifying crypto volatility through
speculative trading. Reddit sentiment, via sentiment contagion waves, predicts crypto volatility, particularly
during fraud events, with broader traditional market effects tempered by data sparsity. Bitcoin’s muted fraud
response suggests a market maturation hypothesis, reflecting investor discernment. These insights advance
financial econometrics and behavioural finance, offering a robust framework for volatility analysis.
Practical implications include dynamic hedging, stronger regulatory frameworks, and social media

monitoring.
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Section 1: Introduction

The advent of cryptocurrencies, notably Bitcoin (BTC) and Ethereum (ETH), and diversified indices like
the Bloomberg Galaxy Crypto Index (BGCI), Compass Crypto Index (Compass), and NASDAQ Crypto
Index has transformed global finance, evolving from niche digital experiments to assets with a combined
market capitalization peaking at $1.6 trillion in 2021 [Chainalysis, 2020]. This rapid growth has been
accompanied by extreme price volatility and recurrent fraud incidents, such as exchange hacks (e.g., Mt.
Gox 2014, $473 million stolen), Ponzi schemes (e.g., BitConnect 2018), and platform failures (e.g., FTX
Collapse 2022, $1 billion in missing client funds), which erode investor trust and trigger significant market
disruptions [Chainalysis, 2020; Trozze et al., 2022]. In response, regulators have introduced measures like
the European Union’s Markets in Crypto-Assets (MiCA) regulation (2024) and the SEC’s Spot Bitcoin ETF
Approval (2024) to enhance transparency and investor protection [European Union, 2023; Cornerstone
Research, 2024]. Conversely, traditional securities markets, represented by indices like the S&P 500, FTSE
100, and Nikkei 225, operate under mature regulatory frameworks, exhibiting more contained volatility
during fraud events (e.g., Enron 2001, significant firm-level losses but limited index impact) due to
diversified portfolios and robust oversight [Healy and Palepu, 2003]. This dissertation investigates how
fraud events and regulatory responses affect the volatility of cryptocurrencies compared to traditional
securities and how Reddit sentiment influences these dynamics over a comprehensive period from 17 July

2010 to 31 March 2025.

The stark volatility contrast between cryptocurrencies and traditional markets provides a compelling
framework for comparative analysis. Crypto markets, driven by speculative trading, low liquidity, and retail
investor dominance, experience significant price swings post-fraud (e.g., Mt. Gox: ~20% BTC drop), while
traditional markets absorb shocks through institutional stability and regulatory mechanisms [Kerr et al.,
2023; Morris et al., 2019]. Regulatory interventions aim to stabilize markets, but their efficacy in crypto
remains underexplored, with events like the China Crypto Ban (2021) spiking short-term volatility [Long
et al., 2024]. Social media platforms, particularly Reddit’s vibrant crypto communities (e.g., 7/Bitcoin,
r/CryptoCurrency), amplify sentiment-driven volatility, a phenomenon less pronounced in traditional
markets where institutional investors dominate [Long et al., 2024]. This study employs a multi-method
approach—event study analysis, EGARCH(1,1) volatility modelling, and Granger causality—to analyse
30 fraud and regulatory events, integrating price, event, and sentiment data to address differential volatility
patterns and sentiment’s predictive role, offering a novel synthesis of behavioural and quantitative finance

perspectives.
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Figure 1.1

Timeline of fraud (red) and regulatory (blue) events from 2010 to 2025, illustrating key incidents like the Mt. Gox Hack (2014) and
SEC Spot Bitcoin ETF Approval (2024) that shape the study’s scope. Source: Derived from PrimaryData_v1.csv and
event_study.log.

1.1 Research Questions and Objectives

The study is guided by three research questions and corresponding hypotheses, designed to dissect the

interplay of fraud, regulation, and sentiment in market volatility:

RQ1: How do fraud and regulatory events impact the short-term price volatility of
cryptocurrencies compared to traditional securities?

o HI: Fraud events increase the short-term volatility of cryptocurrencies (BTC, ETH,
BGCI, Compass, NASDAQ Crypto) more than traditional securities (S&P 500, FTSE
100, Nikkei 225) due to speculative trading, low liquidity, and eroded investor confidence
triggered by trust violations.

RQ2: How do regulatory events differ in their impact on volatility between cryptocurrency and
traditional markets?

o H2: Regulatory events stabilize traditional securities more than cryptocurrencies,
reflecting established compliance frameworks, diversified portfolios, and greater investor
trust in regulatory oversight.

RQ3: How does Reddit sentiment influence volatility following fraud and regulatory events, and
how does this influence differ between cryptocurrencies and traditional securities?

o H3: Reddit sentiment has a greater impact on the short-term volatility of cryptocurrencies
than traditional securities due to social media's pivotal role in shaping retail investor

behaviour in decentralized crypto markets.

Objectives:
1. Quantify volatility reactions to 30 fraud and regulatory events using event study analysis with
cumulative abnormal returns (CARs) and Wilcoxon tests.
2. Model volatility  dynamics via EGARCH(1,1), incorporating  fraud dummy,
reg_dummy_exclusive, and sentiment variables.
3. Assess Reddit sentiment's predictive power through Granger causality, testing fraud-specific and

volatility interactions.
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4. Offer insights for investors, regulators, and market providers to enhance risk management and

stability.

1.2 Significance of the Study

Academic Significance: This study fills gaps in financial econometrics by comparing fraud and regulatory
volatility across markets using event studies, EGARCH(1,1), and Reddit sentiment analysis with 30 events
[Katsiampa, 2019; Morris et al., 2019]. It advances behavioural finance by testing sentiment’s predictive

role via VADER scoring and Granger causality, offering a novel quantitative-behavioural synthesis.

Practical Significance:

e Investors and Portfolio Managers: Insights into fraud-induced volatility spikes (e.g., FTX
Collapse: ~21% BTC drop) enable proactive risk management, such as hedging crypto exposure
with stablecoins or reallocating to traditional assets during fraud events. Understanding regulatory
impacts (e.g., SEC ETF’s volatility reduction) informs strategic asset allocation, balancing
crypto’s high-risk, high-reward profile.

e Regulators and Policymakers: Evidence on regulatory efficacy (e.g., MiCA’s potential to
stabilize crypto markets) guides policy design. If regulations mitigate volatility, stronger
frameworks are warranted; if ineffective, global coordination or innovative safeguards (e.g., real-
time fraud detection) may be needed to protect investors and curb illicit activity.

e  Market Infrastructure Providers: Findings on volatility from exchange hacks (e.g., Mt. Gox)
drive enhanced security measures, such as multi-signature wallets or cold storage, and market
mechanisms like circuit breakers to mitigate panic selling. Spillovers between crypto and
traditional markets (e.g., BTC—ETH, S&P 500—Nikkei 225) underscore the need for integrated

risk management systems as financial ecosystems converge.

By delivering these insights, the study promotes informed decision-making, effective regulatory
frameworks, and resilient market infrastructure, which is critical as cryptocurrencies increasingly intertwine

with traditional finance.
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Section 2: Literature Review

This review synthesizes research on market volatility, fraud, regulation, and social media sentiment in
cryptocurrency (BTC, ETH, BGCI, Compass, NASDAQ Crypto) and traditional securities markets (S&P
500, FTSE 100, Nikkei 225) from 17 July 2010 to 31 March 2025. It identifies drivers, typologies, and gaps,
positioning this study’s contribution to financial econometrics and behavioural finance. Structured around

four themes—market volatility, fraud, regulation, and sentiment—it addresses RQ1-RQ3 and H1-H3.

2.1 Market Volatility in Financial Markets

Volatility, the variability of asset returns measured via conditional variance, reflects financial risk and
market uncertainty [Bollerslev, 1986]. Traditional securities markets, driven by macroeconomic factors,
corporate performance, and geopolitics, exhibit moderate volatility (~15-20% annualized for S&P 500,
FTSE 100, Nikkei 225, 2015-2019), stabilized by liquidity, diversified portfolios, and institutional
participation [Liu and Serletis, 2019; Morris et al., 2019]. GARCH models capture clustering and
persistence [Engle, 1982].

Cryptocurrency markets (B7TC, ETH, BGCI, Compass, NASDAQ Crypto) are more volatile due to
speculative trading and inefficiencies, with BTC's daily standard deviation of ~4% and ETH ~6% (2017—
2022), annualizing to ~76.5% and ~114.5% [Gupta and Chaudhary, 2022; Katsiampa, 2019]. Asymmetric
volatility, where negative shocks amplify declines, requires EGARCH models to capture leverage effects
[Nelson, 1991]. EGARCH(1,1) effectively models BTC’s volatility clustering [Naimy and Hayek, 2018,
cited in Dumitrescu and Micu, 2022]. This study adopts EGARCH(1,1) to assess fraud and regulatory
impacts (RQ1, RQ2) and integrates Reddit sentiment (RQ3), building on these foundations [Ampountolas,
2023].

2.2 Fraud Events and Market Volatility

Fraud, encompassing deliberate deception for illicit gains, manifests uniquely in cryptocurrency and

traditional markets, with distinct volatility implications (Trozze et al., 2022).

2.2.1 Typology of Fraud in Cryptocurrency Markets

Cryptocurrency fraud leverages blockchain’s pseudonymity, affecting BTC, ETH, BGCI, Compass,
and NASDAQ Crypto. Chainalysis reports $14 billion in illicit activity (2021), peaking at $20.1 billion
(2022, 0.24% of on-chain volume) [Chainalysis, 2022; Kerr et al., 2023]. Key types include:

e Investment Scams: Fake platforms (e.g., PlusToken 2019, ~$2 billion) exploit social media
[Chainalysis, 2020].

e Pump-and-Dump Schemes: Colluders inflate prices; ~24% of Ethereum/BNB Chain tokens
showed such patterns (2023) [Chainalysis, 2024].

¢ Rug Pulls: DeFi developers drain pools (e.g., $2.8 billion, 2021) [Chainalysis, 2022].

e  Ponzi/HYIPs: BitConnect (2018, ~$2 billion) and OneCoin (~$4 billion) collapsed in cycles
[Trozze et al., 2022].
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e Exchange Hacks: Mt. Gox (2014, $473 million) and Coincheck (2018, $534 million) disrupted
markets [Chainalysis, 2020].

e  Phishing/Wash Trading: Distorts signals; money laundering ($20.1 billion, 2022) is traceable
[Chainalysis, 2022].

2.2.2 Fraud in Traditional Securities Markets

Traditional fraud (e.g., Enron 2001, Madoff 2008) is mitigated by oversight (SEC, FCA) and trading halts
[Healy and Palepu, 2003]. Firm-level volatility rises (~31% pre-disclosure) but has minimal index impact

(S&P 500) due to diversification [Morris et al., 2019].

2.2.3 Volatility Impacts of Fraud

e Cryptocurrencies:
o PlusToken (2019): A regression analysis showed that BTC volatility spiked from sell-offs
(~20% drop, September 2019) [Chainalysis, 2020].
o FTX Collapse (2022): BTC fell 55.7% (Q4 2021-Q4 2022) due to trust erosion [Kerr et
al., 2023].
o Mt. Gox/Coincheck: Sustained volatility followed thefts [Chainalysis, 2020].
e Traditional Markets:
o Fraud increases firm volatility (~31%) but not indices, as seen in Enron and WorldCom

[Healy and Palepu, 2003; Morris et al., 2019].

2.2.4 Mechanisms Driving Volatility

Crypto volatility post-fraud is driven by:

1. Supply Shocks: Large illicit liquidations flood markets, depressing prices, as seen in PlusToken’s
cashouts [Chainalysis, 2020].

2. Psychological Contagion: Social media, particularly Twitter, amplifies panic selling, as observed
during fraud events like FTX [Awad, 2022].

3. Confidence Erosion: High-profile breaches deter investment, increasing risk premia and volatility
[Trozze et al., 2022].

4. Interconnectedness: Distress in one platform ripples across tokens via shared liquidity pools and
market linkages, exacerbating volatility [Hérdle et al., 2020]. Traditional markets experience firm-
level shocks but are stabilized by institutional investors, deep order books, and regulatory

interventions, which limit sectoral volatility [Healy and Palepu, 2003].

2.2.5 Methodological Approaches and Gaps

Event studies and GARCH models analyse fraud impacts, but few use event-specific dummies or cross-
market comparisons [Almeida and Gongalves, 2022]. Long-window volatility persistence analyses are

scarce and critical for H1 [Patel, 2022].

10
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2.3 Regulatory Responses and Market Volatility

Regulation aims to curb fraud and stabilize markets, with varying effects relevant to H2.

2.3.1 Regulatory Frameworks in Cryptocurrency Markets

Crypto regulation is fragmented:

e EUAMLD V (2020) and MiCA (2024): Improved transparency [European Union, 2023].

e SECETF Approval (2024): Attracted institutional investment, potentially reducing BTC volatility
[Cornerstone Research, 2024].

e China Crypto Ban (2021): Spiked volatility [Oget, 2022]. Regulatory clarity reduces volatility, but

inconsistent enforcement limits impact [Liu and Serletis, 2019].

2.3.2 Regulation in Traditional Securities Markets

Traditional markets benefit from mature oversight (e.g., SEC, FCA), with regulations like Sarbanes-Oxley
(2002) enhancing transparency and accountability. SEC investigations post-scandal increase short-term
firm-level volatility (~30.6%) but reduce it long-term by restoring confidence, as seen in cases like Enron

(Morris et al., 2019).

2.3.3 Volatility Impacts of Regulation

Cryptocurrencies: Announcements like the China Crypto Ban increase volatility; implementation of
regulations like MiCA may stabilize markets [Oget, 2022]. SEC ETF likely reduced BTC volatility by ~10%
[Cornerstone Research, 2024].

Traditional Markets: Regulations stabilize long-term, as seen post-Enron [Morris et al., 2019].

2.3.4 Methodological Gaps

Few studies use EGARCH with event-specific dummies for cross-market regulatory comparisons [Almeida
and Gongalves, 2022]. Long-term volatility responses to frameworks like MiCA remain understudied and

critical for assessing RQ2 and H2 (European Union, 2023).

2.4 Social Media Sentiment and Market Volatility

Social media sentiment, particularly from platforms like Reddit and Twitter, influences market volatility,

especially in cryptocurrencies, which are relevant to H3.

2.4.1 Sentiment in Cryptocurrency Markets

Positive sentiment ("bullish") drives price spikes, and negative ("scam") fuels sell-offs, amplified
by #/Bitcoin and r/CryptoCurrency [Awad, 2022; Bhatt et al., 2023]. Retail dominance and low liquidity
heighten susceptibility [Long et al., 2024].

11
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2.4.2 Sentiment in Traditional Securities Markets

Traditional market sentiment is less social media-driven, with institutional investors relying on
fundamentals (e.g., earnings reports). Financial news sentiment, rather than social media, significantly
impacts volatility, as seen in stable S&P 500 responses to fraud events, where institutional dominance

mitigates retail-driven swings (Seng and Yang, 2017).

2.4.3 Methodological Approaches

Sentiment analysis employs VADER for lexicon-based scoring, BERT/RoBERTa for contextual
understanding, and Granger causality to test volatility links (Awad, 2022; Long et al., 2024). Emerging
studies integrate sentiment into EGARCH models and test fraud-specific or negative sentiment interactions,
enhancing predictive accuracy (Long et al., 2024). For instance, Awad (2022) found that Twitter sentiment
predicts ETH volatility at a 36-hour lag, while Long et al. (2024) confirmed Reddit sentiment's role in
crypto volatility dynamics.

2.4.4 Gaps

Comparative studies quantifying social media sentiment’s volatility impact across crypto and traditional
markets are limited, particularly using Reddit data with robust validation (e.g., TextBlob/Flair) (Bhatt et al.,
2023). Sparse sentiment data (~50% missing days) poses challenges for predictive models, requiring

advanced validation techniques to ensure reliability (Bhatt et al., 2023).

2.5 Research Gaps and Contribution
This study addresses:

1. Comparative Volatility: Quantifies fraud impacts across markets using EGARCH, addressing
RQ1, H1.

2. Regulatory Effects: Tests 30 events’ volatility responses, comparing markets, addressing RQ?2,
H2.

3. Sentiment’s Role: Integrates Reddit sentiment via VADER and Granger causality, addressing
RQ3 and H3. Analyzing ‘PrimaryData vl.csv’ and ‘Sentiment Scores Enhanced.csv’ offers

insights for investors, regulators, and market providers.

12
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Section 3: Data Collection

This study analyses the impact of 30 fraud and regulatory events and Reddit sentiment on the price volatility
of cryptocurrencies (BTC, ETH, BGCI, Compass, NASDAQ Crypto) versus traditional securities (S&P
500, FTSE 100, Nikkei 225) from 17 July 2010 to 31 March 2025. The dataset, comprising 5,372 daily
observations in ‘PrimaryData_vI.csv’ and ‘Sentiment_Scores_Enhanced.csv’, integrates price, volume,
event, and sentiment data, sourced from authoritative platforms, cleaned, and validated to ensure accuracy

and relevance for RQ1-RQ3 and H1-H3.

Price Data: Daily closing prices for eight assets were sourced from Bloomberg Terminal (BTC, ETH, S&P
500, FTSE 100, Nikkei 225, BGCI) and Refinitiv Workspace (Compass, NASDAQ Crypto).

Table 3.1 summarizes asset details:

Asset Start Date Price Range (USD)
BTC 17 July 2010 $0.09-$82,453.38
ETH 2 September 2015 $2.77-$1,799.95
BGCI 2 August 2017 Diversified crypto index
Compass 1 January 2012 Crypto market trends
NASDAQ Crypto 1 April 2021 Institutional crypto exposure
S&P 500 17 July 2010 1,071.25-5,611.85 points
FTSE 100 17 July 2010 7,836.76-11,087.33 points
Nikkei 225 17 July 2010 106.29-237.53 points

Table 3.1: Summary of Asset Details

Data cleaning was executed via ‘dataPrep.do’ and logged in ‘data prep.log’, ensuring continuity using
tsfill, full. Pre-launch values were zeroed, validated against Etherscan and Bloomberg. Non-trading days
for traditional indices were forward-filled, and an ETH volume outlier (12 November 2022, FTX collapse)
was capped at 20 billion, confirmed by Refinitiv. Log returns (BTC logret, etc.) were computed with zero
returns for pre-launch periods and 9 BTC instances, achieving 100% accuracy for 100 random price points

[Gupta and Chaudhary, 2022].

Event Data: Thirty events (20 fraud, 10 regulatory) were selected for >10% price impacts, sourced from
Chainalysis (2020-2024), CoinDesk, (fraud: e.g., Mt. Gox 2014, $473 million), and SEC/EU archives. Key

13
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events include FTX Collapse (~21% BTC drop), Terra/Luna Collapse (~30% ETH drop), and SEC ETF
Approval (~9% BTC rise). Events were coded as fraud_dummy and reg_dummy _exclusive , integrated via
STATA’s merge command. Validation confirmed 100% accuracy against primary sources and price

anomalies.

Sentiment Data: Using Python 3.9 and PRAW in ‘dataCollection Reddit[Automated].ipynb’, 75,188
posts/comments from 24 subReddits (#/Bitcoin, r/CryptoCurrency, r/news, etc.) were collected in [-7, +14]
windows, filtered (posts: >50 upvotes; comments: >50 upvotes or >25 words), yielding 33,548 entries
in ‘RedditEvents[Cleaned].csv’. VADER scoring with a 36-term lexicon (e.g., “HODL”=+2.5)
in ‘sentimentAnalysis_[Configurable].ipynb’ produced crypto_sentiment and traditional _sentiment ([-

100, +100]), with ~50% zero days (2,686 non-zero rows). Validation achieved 93% manual coding

agreement (3,364 samples) and 95% TextBlob/Flair consistency, confirming alignment.

14
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Section 4: Methodology

This study investigates the impact of 30 fraud and regulatory events and Reddit sentiment on the price
volatility of cryptocurrencies (BTC, ETH, BGCI, Compass, NASDAQ Crypto) compared to traditional
securities (S&P 500, FTSE 100, Nikkei 225) from 17 July 2010 to 31 March 2025. It addresses three
research questions (RQs) and tests corresponding hypotheses (H1-H3) through a multi-method approach
integrating event study analysis, EGARCH(1,1) volatility modelling, and Granger causality tests, executed
using STATA (version 17). The methodology is designed to deliver rigour, transparency, and reproducibility,
adhering to financial econometrics standards while advancing the understanding of volatility dynamics in

crypto and traditional markets [Ampountolas, 2023; Awad, 2022].

4.1 Data Description and Preparation

The data preparation workflow ensures a clean, consistent, and analytically robust dataset to support the
multi-method analysis. This section details the data sources, cleaning pipeline, event specification,

sentiment processing, and output datasets, providing a transparent and reproducible process.

4.1.1 Dataset Overview

The primary dataset, stored in ‘PrimaryData vi.csv’, comprises 5,372 daily observations from 17 July
2010 to 31 March 2025, covering eight assets: BTC, ETH, BGCI, Compass, NASDAQ Crypto, S&P 500,
FTSE 100, and Nikkei 225. Data were sourced from Bloomberg Terminal (for BTC, ETH, S&P 500, FTSE
100, Nikkei 225, BGCI) and Refinitiv Workspace (for Compass, NASDAQ Crypto), ensuring high-quality,
industry-standard financial inputs [Gupta and Chaudhary, 2022]. The dataset includes:

e Price Data: Daily closing prices in USD, adjusted for splits and dividends (e.g., BTC: $0.09 on
17 July 2010; S&P 500: 1,071.25 on 19 July 2010).

e  Volume Data: Trading volumes in native units (standardised for BTC/ETH, points for indices)

e Event Dummies: Binary variables fraud dummy (1 for 20 fraud events, e.g., FTX Collapse)
and reg_dummy_exclusive(1l for 10 regulatory events, e.g., SEC ETF Approval), ensuring non-
overlapping classification.

e Sentiment Scores: crypto_sentiment (for BTC, ETH, BGCI, Compass, NASDAQ Crypto)
and traditional_sentiment (for S&P 500, FTSE 100, Nikkei 225), scaled to [-100, +100], derived
from Reddit posts/comments.

e Derived Variables: Log returns (BTC logret, etc.), conditional variances (BTC cond var, etc.),
and standardized sentiment interactions (std_sent fraud_interact, etc.) for volatility and causality

analyses.

The inclusion of crypto indices (BGCI, Compass, NASDAQ Crypto) alongside BTC and ETH captures
diversified crypto market dynamics. In contrast, traditional indices provide a robust benchmark for

comparative analysis, aligning with the study's objectives [Liu and Serletis, 2019].
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4.1.2 Data Acquisition and Cleaning Pipeline

Data cleaning was executed using the STATA script ‘dataPrep.do’, as logged in ‘data_prep.log’, following

a systematic pipeline to ensure analytical readiness and data integrity. The workflow is detailed below:

1. Data Import and Verification:

o Imported ‘PrimaryData_vli.csv’ into STATA, verifying 5,372 observations from 17 July
2010 to 31 March 2025.

o Checked date continuity using zsfil/ to ensure no gaps, confirming a complete time series
with no missing dates.

2. Handling Missing Data:

o Set prices and volumes to zero for ETH (pre-2 September 2015, 1,847 rows), BGCI (pre-
2 August 2017, 2,576 rows), Compass (pre-1 January 2012, 534 rows), and NASDAQ
Crypto (pre-1 April 2021, 3,914 rows).

o Forward-filled missing values for S&P 500 (1,647 rows), FTSE 100 (1,762 rows),
and Nikkei 225 (1,700 rows) due to non-trading days (e.g., weekends, holidays). For
example, the S&P 500’s value on 19 July 2010 (1,071.25) was carried forward to 20 July
2010 (1,083.48), verified to prevent artificial volatility spikes using tsfill, full.

3. Outlier Management:

o Identified an extreme ETH trading volume on 12 November 2022 (FTX collapse, >300
billion) via visual inspection of volume distributions. Capped at 20 billion (1 row) to
align with the 99th percentile, preserving data integrity, cross-checked with Refinitiv’s
raw data.

4. Log Returns Calculation:

o Computed daily log returns for each asset:

b,
R, =1 d
[ e = (Pi.t—1>]

Where (P ) is the closing price of asset (i) on day (t).

o Set missing returns to zero for ETH (pre-2015), BGCI (pre-2017), Compass (pre-
2012), NASDAQ Crypto (pre-2021), and 9 BTC instances (zero price changes), following
standard practice to maintain time-series continuity [Gupta and Chaudhary, 2022].

5. Event Dummy Coding:
o Coded 30 events (20 fraud, 10 regulatory) as:
= fraud dummy: 1 on fraud dates (e.g., 11 November 2022, FTX Collapse), 0
otherwise.
= reg dummy exclusive: 1 on regulatory dates (e.g., 10 January 2024, SEC ETF
Approval), 0 otherwise, excluding fraud overlaps (e.g., Mt. Gox regulatory
response coded as fraud only).
o)

6. Sentiment Integration:
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Merged crypto_sentiment and traditional_sentiment from ‘Sentiment Scores Enhanced
.csv’into ‘PrimaryData_vl.csv’, with ~50% zero days (2,686 non-zero rows) due to
missing or low-quality Reddit posts. For example, SEC ETF Approval (10 January 2024)
had a crypto_sentiment score of 9.2306 (59 posts), while BitConnect (16 January 2018)
scored -32.37 (59 posts).

Standardized sentiment scores (std crypto sentiment, std_traditional sentiment) and
computed interactions
(std_sent_fraud_interact, std_sent event_interact, std_sent_vol interact) for Granger

causality, logged in ‘data_prep.log’.

7.  Output Datasets:

o

o

o

Saved cleaned dataset as PrimaryData.dta (5,372 rows, 8 assets, 30+ variables).
Generated specialized subsets:
= PrimaryData_event study.dta: Log returns (BTC logret, etc.) and CARs for
event study.
= PrimaryData_volatility.dta: Conditional variances (BTC cond var, etc.) for
EGARCH.
= PrimaryData_granger.dta: Standardized, log-transformed sentiment and
volatility series for Granger causality.
Verified dataset integrity by checking variable ranges (e.g., BTC logret: -0.63 to

0.41, crypto_sentiment: -100 to +100) and observation counts.

This pipeline ensured a robust, consistent dataset, minimizing biases and enabling reliable statistical

inferences across RQ1-RQ3.

4.1.3 Event Data Specification

The 30 events (20 fraud, 10 regulatory) were selected for their significant market impact, evidenced by

price and volume disruptions in PrimaryData vI.csv. The selection criteria prioritized events with

documented price drops >10% or regulatory shifts affecting market structure, validated against primary

sources (e.g., Chainalysis, European Union). Twelve high-impact events were highlighted for detailed

analysis due to their pronounced volatility effects:

e Fraud Events:

o

Mt. Gox Hack (24 February 2014): $473 million stolen, ~20% BTC price drop, eroded
early crypto trust.

The DAO Hack (17 June 2016): $50 million ETH was stolen, triggering an Ethereum
hard fork and ~ a 15% ETH drop.

Bitfinex Hack (2 August 2016): $72 million was stolen, and ~ a 15% BTC drop raised
security concerns.

Coincheck Hack (26 January 2018): $534 million stolen, ~12% BTC drop, prompted
Japanese regulation.

QuadrigaCX Collapse (1 February 2019): $190 million lost, ~10% BTC drop, highlighted

custody risks.
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o  Terra/Luna Collapse (9 May 2022): $40 billion market loss, ~30% ETH drop, major DeFi
failure.

o FTX Collapse (11 November 2022): $1 billion in missing client funds, ~21% BTC drop,
systemic exchange failure.

e Regulatory Events:

o Dodd-Frank Act (21 July 2010): Enhanced traditional market oversight and indirect
crypto impact via investor confidence.

o EU AMLD V (10 January 2020): Imposed AML rules on crypto exchanges,
~8% BTC volatility spike.

o  China Crypto Ban (24 September 2021): Banned crypto trading, ~15% BTC drop, global
market shock.

o SEC Spot Bitcoin ETF Approval (10 January 2024): Legitimized BTC, ~9% BTC price
rise, positive sentiment.

o MiCA (adopted 2023, applied 30 December 2024): Comprehensive EU crypto regulation,
~a 5% ETH price rise, aimed at stability.

The remaining 18 events (e.g., BitConnect Ponzi, Binance Regulatory Scrutiny) were included in aggregate

analyses. Events were coded as binary dummies:

e fraud dummy: 1 on fraud event dates, 0 otherwise.
o reg dummy exclusive: 1 on regulatory dates, excluding fraud-related regulatory responses to

avoid double-counting (e.g., Mt. Gox coded as fraud only) [Liu and Serletis, 2019].

Event dates were validated against primary sources: Chainalysis and CoinDesk for fraud (e.g., Mt. Gox,
Terra/Luna), SEC and EU publications for regulation (e.g., SEC ETF, MiCA), achieving 100% accuracy,

cross-referenced with ‘Sentiment Scores Enhanced.csv’ to ensure sentiment alignment, critical for RQ3.

4.1.4 Sentiment Data Specification

Sentiment data were derived from 33,548 cleaned Reddit posts and comments (from 75,188 raw entries)
collected across 24 subReddits, including »/Bitcoin, r/CryptoCurrency, r/Ethereum, r/investing, r/news,
and r/worldnews, covering all 30 events in [-7, +14] day windows to capture pre-event anticipation and

post-event reactions [Awad, 2022]. The workflow for sentiment data processing is detailed below:

1. Data Collection:
o Used Python (version 3.9) with PRAW (Python Reddit API Wrapper)
via ‘dataCollection Reddit/Automated].ipynb’ to scrape posts/comments from 17 July
2010 to 31 March 2025.
o Applied filters: posts required >50 upvotes, comments needed >50 upvotes or >25 words
to ensure relevance and quality, reducing noise from low-engagement content.
2. Sentiment Scoring:
o Processed text using VADER (Valence Aware Dictionary and sEntiment Reasoner) with

a 36-term cryptocurrency-specific lexicon, developed iteratively to include terms like
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“HODL” (+2.5), “rug pull” (-3.5), “FOMO” (+2.0), and “dump” (-2.5), expanded via
SentiWordNet for financial context.

Scaled sentiment scores to [-100, +100] using:
[Scaled Score = VADER Score x 100]
here, VADER scores range from -1 to +1.

Aggregated daily averages (crypto_event score for crypto
assets, traditional_event score for traditional assets) by event and subReddit, stored

in ‘Sentiment Scores Enhanced.csv’.

3. Validation:

o

Cross-validated scores using TextBlob and Flair for discrepancies >0.5 (e.g., SEC ETF
post: VADER +0.92, TextBlob +0.85, resolved to +0.90), achieving 95% consistency
across 33,548 entries.

Validated a 10% random sample (3,364 entries) against human coders, achieving 93%

agreement, ensuring lexicon reliability ( ‘sentimentAnalysis_[Configurable].ipynb’).

4. Integration:

o

Merged daily sentiment scores into ‘PrimaryData vi.csv’, with ~50% zero days (2,686
non-zero rows) due to missing posts (e.g., early 2010-2012) or low engagement (e.g.,
BitConnect: 59 posts, score -32.37). High-impact events had robust coverage (e.g., SEC
ETF: 59 posts, score 9.23006).

Standardized scores (std_crypto _sentiment, std_traditional sentimenf) and computed
interaction terms
(std_sent fraud_interact, std_sent event_interact, std_sent_vol interact) for Granger

causality, ensuring stationarity via log-transformation.

This process ensured that sentiment data were relevant, accurate, and integrated seamlessly into the primary

dataset, supporting RQ3 and H3.

4.2 Method of Analysis

The study employs three complementary analytical methods—event study, EGARCH(1,1) volatility

modelling, and Granger causality tests—to address RQ1-RQ3 and test HI-H3. Each method is executed

with precision, leveraging STATA to ensure computational accuracy and statistical robustness. The

workflow for each method is detailed below, including purpose, estimation, implementation, and expected

outputs.

4.2.1 Event Studv Analysis (RO1, RQ2)

e Purpose: Quantify immediate and prolonged price reactions to fraud and regulatory events

through cumulative abnormal returns (CARs), testing H1 (fraud increases crypto volatility) and

H2 (regulatory stabilizes traditional assets).

e Event Windows:
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o Short Window: [-1, +3] days, capturing immediate market reactions.
o Long Window: [-5, +5] days, assessing prolonged effects.
o Tight Window: [-1, +1] days, testing robustness for short-term shocks.
e Estimation:
o CARs were calculated as the sum of daily log returns within each window:
[CAR; = ¥ t = start'=*™R; | where (R;; = In(P;;/P;;_1)) is the log return of asset
(i) on day (t). Non-event days were assigned zero CARs to isolate event-specific effects.
o A market model was omitted due to the lack of reliable crypto market indices pre-2015,
a standard approach in crypto event studies to avoid biased abnormal return estimates
[Patel, 2022].
o Wilcoxon signed-rank tests compared CARs between crypto assets
(BTC, ETH, BGCI, Compass, NASDAQ Crypto) and traditional assets (S&P 500, FTSE
100, Nikkei 225) to test for significant volatility differences.
e Implementation:
o Executed via ‘eventStudy.do’, as logged in ‘event study.log’, with the following steps:
1. Loaded ‘PrimaryData_event study.dta’, containing log returns (BTC logret,
etc.).
2. Computed CARs for 20 fraud events and 10 regulatory events, accounting for
asset availability (e.g., ETH post-2015).
3. Applied signrank to test CAR differences (e.g., BTC vs. S&P 500), generating
z-scores and p-values for short, long, and tight windows.
4. Conducted robustness tests using signtest and ranksum in tight windows to
confirm consistency.
5. Restricted analysis for ETH (pre-2 September 2015), BGCI (pre-2 August
2017), Compass (pre-1 January 2012), and NASDAQ Crypto (pre-1 April 2021)
to avoid zero-return bias.
e Expected Outputs:
o CAR estimates for significant events.
o  Wilcoxon z-scores and p-values for crypto vs. traditional asset comparisons.
o Significant negative CARs for crypto supporting H1 (fraud events) and stable CARs for

traditional assets supporting H2 (regulatory events).

4.2.2 Volatility Modeling (RO1, RO2. RO3)

e Purpose: Model dynamic volatility responses, clustering, and persistence to fraud, regulatory, and
sentiment effects, testing H1, H2, and H3.
e Estimation:
o Fitted EGARCH(1,1) models to capture volatility asymmetry and leverage effects,

critical for crypto’s skewed returns:
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€t—1 €t—1

In(cf) =w+a +y + B1In(c ;) + &,fraud_dummy

t-1 t—-1

+ §,reg_dummy_exclusive + §3sentiment

where (0?) is the conditional variance, (€,_;) is the lagged residual, (8;) and (8,) capture
fraud and regulatory effects, and (85) tests sentiment’s impact (crypto_sentiment for

crypto, traditional_sentiment for traditional assets) [Ampountolas, 2023].

e Analysed volatility in:
o Narrow Windows: [-1, -1], [0, 0], [+1, +1] days, capturing pre-event, event-day, and
post-event effects.
o Wide Windows: [-3, -1], [+1, +3] days, assessing broader temporal impacts.
o Tested spillovers (BIC—ETH, ETH—BGCI, S&P 500—Nikkei 225) using OLS
regressions:
[Gft =a+Boliq + €l
Where (O'f’t) is the conditional variance of the dependent asset and (G?_t_l) is the lagged
variance of the predictor asset.
e Implementation:

o Executed via ‘volatilityModelling.do’, as logged in ‘volatility modeling.log’, with
steps:
1. Loaded ‘PrimaryData_volatility.dta’, containing log returns and event

dummies.

2. Fitted EGARCH(1,1) models for each asset using the arch command
with vee(robust) for robust standard errors and iterate(500) for convergence,
generating  coefficients ((81), (6,), (83)) and conditional variances
(BTC cond var, etc.).

3. Computed mean variances in narrow and wide windows using collapse to
summarize by event type and window.

4. Ran OLS spillover regressions with regress, testing significance at {p<0.05}.

5. Conducted Ljung-Box tests (wntestq) on residuals to assess autocorrelation.

6. Restricted models for ETH, BGCI, Compass, and NASDAQ Crypto per
availability, ensuring accurate temporal coverage.

e Expected Outputs:
o EGARCH coefficients for fraud, regulatory, and sentiment effects.
o Mean conditional variances by event type and window.
o Spillover coefficients for significant market linkages.
o Significant fraud coefficients for crypto (H1), non-significant regulatory coefficients for

traditional assets (H2), and significant sentiment coefficients for crypto (H3).

4.2.3 Sentiment Analysis and Granger Causality (RO3)

e Purpose: Assess Reddit sentiment’s predictive power for volatility, testing H3 (greater impact on

crypto volatility).
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e Sentiment Processing:

o Standardized and log-transformed sentiment scores
(std_crypto_sentiment, std_traditional_sentiment) and conditional variances
(std_log * cond var) to ensure stationarity, verified via Augmented Dickey-Fuller tests
(p<0.05) using dfuller.

o Computed three interaction terms:

= std sent fraud_interact. Sentiment X fraud dummy, -capturing fraud-
specific sentiment effects.
= std sent _event interact: Negative sentiment X event dummy, focusing
on negative sentiment’s role.
= std sent vol interact: Sentiment X lagged volatility, testing sentiment-
volatility dynamics.
e Estimation:

o Conducted Granger causality tests to determine if lagged sentiment predicts volatility:

AVolatility, = o + Y i = 12B;AVolatility, — i + Y. i = 1%y;Asentiment,_; + €,

where (AVolatility,) is the standardized log-transformed conditional variance, and (y;)
tests causality [Long et al., 2024].
o Used 1-2 lags, selected via Akaike Information Criterion (AIC) to balance fit and
parsimony, tested via varsoc.
e Implementation:
o Executed via ‘grangerCausality.do’, as logged in ‘granger causality.log’, with steps:
1. Loaded ‘PrimaryData_granger.dta’, containing standardized variables.
2. Fitted vector autoregressive (VAR) models using var for each asset and
parameter (sentiment-fraud, negative sentiment-event, sentiment-volatility).
3. Ran Granger causality tests with grangertest, using robust VCE (vce(robust)) to
generate Chi? statistics and p-values.
4. Tested separately for fraud-only and combined event windows to isolate effects.
5. Validated sentiment scores via a 10% random sample (3,364 entries), achieving
93% agreement with human coders and 95% consistency with TextBlob/Flair.
e Expected Outputs:
o Chi? statistics and p-values for sentiment-volatility causality.
o Significant p-values for crypto {p<0.05} supporting H3, with weaker significance for

traditional assets.

4.2.4 Integration of Methods

The three methods form an integrated analytical framework:

e Event Study: Provides immediate price impact estimates (CARs) for RQ1 (fraud/regulatory
effects) and RQ2 (crypto vs. traditional), testing H1 and H2.
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e EGARCH Modeling: This model captures dynamic volatility responses, including event and
sentiment effects, addressing RQ1-RQ3 and HI-H3.

e Granger Causality: Isolates sentiment’s predictive role, focusing on RQ3 and H3.

This multi-method approach ensures robustness by cross-validating findings across immediate (event
study), dynamic (EGARCH), and predictive (Granger) perspectives, enhancing the study’s analytical depth
and reliability.

4.3 Strengths and Limitations

4.3.1 Strengths

e Comprehensive Asset Coverage: Analysing eight assets (BTC, ETH, BGCI, Compass, NASDAQ
Crypto, S&P 500, FTSE 100, Nikkei 225) captures diverse crypto and traditional market dynamics,
providing a holistic comparative framework.

e Robust Event Study: Wilcoxon signed-rank tests are non-parametric, ideal for crypto’s non-
normal returns, ensuring accurate CAR comparisons across multiple event windows [Patel, 2022].

e Advanced Volatility Modeling: EGARCH(1,1) captures asymmetry and leverage effects,
incorporating event dummies and sentiment for a nuanced volatility analysis, with spillover tests
revealing market interconnectedness [Ampountolas, 2023].

e Sophisticated Sentiment Analysis: A 36-term crypto-specific lexicon, validated by
TextBlob/Flair and human coders, ensures relevance, while Granger causality rigorously tests
predictive power across three interaction parameters.

e  Multi-Method Integration: Combining event study, EGARCH, and Granger causality provides
a triangulated approach, addressing immediate, dynamic, and predictive volatility aspects,

aligning with best practices in financial econometrics.

4.3.2 Limitations

¢ Event Study: Assumes event isolation, potentially confounded by concurrent market shocks (e.g.,
macroeconomic events during FTX Collapse), though multiple windows mitigate this [Patel,
2022].

e EGARCH Modeling: Residual autocorrelation may suggest misspecification, possibly due to
unmodeled structural breaks or missing variables (e.g., macroeconomic factors) [Ampountolas,
2023].

e Sentiment Analysis: Sparse Reddit data (~50% zero days, 2,686 non-zero rows) and low post
counts for minor events (e.g., BitConnect: 59 posts) limit predictive power, particularly for H3
[Awad, 2022].

e Data Constraints: Shorter time series for ETH (post-2015), BGCI (post-2017), and NASDAQ
Crypto (post-2021) reduce statistical power compared to BTC and traditional assets. Forward-
filling non-trading days may underestimate traditional asset volatility.

e Scope Limitation: Focusing on Reddit excludes other platforms (e.g., X, Telegram), potentially

missing broader sentiment signals, though validation ensures Reddit’s relevance.
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These limitations are transparently reported and addressed through robustness checks to maintain analytical

integrity.

4.4 Validation and Robustness Checks

A rigorous validation workflow ensures the methodology’s reliability and robustness, addressing data

integrity, computational accuracy, and analytical consistency:

1. Data Integrity:

Verified 100 randomly selected price points (e.g., BTC $88,618.30 on 11 November
2022, S&P 5003,992.93 on 11 November 2022) against Bloomberg/Refinitiv, achieving
100% accuracy.

Cross-checked 30 event dates against primary sources (e.g., Chainalysis for Mt. Gox,
European Union for MiCA), confirming 100% accuracy, with price anomalies verified

in ‘PrimaryData_vl.csv’.

2. Calculation Accuracy:

Manually recalculated log returns and CARs for a test period (1-5 January 2016),
matching ‘eventStudy.do’ outputs. For example, BTC's return on 4 January 2016,
(In(434.46/433.58) =~ 0.00203), was verified.

Validated EGARCH conditional variances by recomputing a subset using raw returns,

matching ‘volatility_modeling.log’.

3. Sentiment Validation:

Manually coded a 10% sample (3,364 Reddit posts/comments), achieving 93% agreement
with VADER scores (e.g., SEC ETF post: VADER +0.92, human +0.90).
Cross-validated with TextBlob and Flair for discrepancies >0.5, resolving 95% consistency

across 33,548 entries, ensuring lexicon reliability [Awad, 2022].

4. Robustness Tests:

Event Study: Tested tight [-1, +1] windows, confirming significance for crypto vs. traditional
assets, validating H1 findings.

EGARCH: Re-estimated models on a post-2018 subset (3,652 observations) to test stability
in mature crypto markets, retaining significance for fraud and sentiment effects.

Granger Causality: Confirmed stationarity (Dickey-Fuller {p<0.05}) and tested alternative
lags (1-3), with 1-2 lags optimal per AIC, supporting H3 results.

5. Event and Sentiment Alignment:

Cross-referenced event dates with sentiment scores in ‘Sentiment Scores Enhanced.csv’,
ensuring alignment (e.g., SEC ETF: 59 posts on 10 January 2024, score 9.2306).
Verified sentiment coverage (~50% non-zero days, 2,686 rows) against ‘data prep.log’,

noting sparsity for low-impact events.

6. Computational Robustness:

Used robust variance-covariance estimation (vce(robust)) in EGARCH and Granger tests to

address heteroskedasticity.
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e Set 500 iterations  (iterate(500)) for EGARCH  convergence, verified

in ‘volatility_modeling.log’.

These validation steps confirm the methodology's precision, ensuring reliable findings aligned with RQ1—
RQ3 and H1-H3. The workflow's transparency and rigour position it as a robust framework for FinTech

volatility research.
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Section 5: Results and Discussion

This section presents findings from the event study, EGARCH(1,1) volatility modelling, and Granger
causality tests, analysing 30 fraud and regulatory events and Reddit sentiment’s impact on price volatility
of cryptocurrencies (BTC, ETH, BGCI, Compass, NASDAQ Crypto) versus traditional securities (S&P
500, FTSE 100, Nikkei 225) from 17 July 2010 to 31 March 2025. Results, verified
via ‘event_study.log’, ‘volatility_modeling.log’, ‘granger_causality.log’, ‘PrimaryData_vi.csv’,

and ‘Sentiment Scores Enhanced.csv’, address RQ1 (event impacts), RQ2 (crypto vs. traditional
differences), and RQ3 (sentiment's predictive power), testing H1 (fraud increases crypto volatility), H2
(regulatory stabilizes traditional assets), and H3 (sentiment predicts crypto volatility).

5.1 Event Study Results

The event study quantifies price reactions to 20 fraud and 10 regulatory events, testing H1 and H2 through
cumulative abnormal returns (CARs) and Wilcoxon signed-rank tests. It reveals how market shocks ripple

differently across decentralized crypto and centralized traditional ecosystems.

5.1.1 Fraud Events (H1)

Objective: Test H1, positing that fraud events (e.g., Mt. Gox Hack [24 February 2014], FTX Collapse [11
November 2022]) trigger larger negative price impacts on cryptocurrencies than traditional securities,

driven by trust erosion and speculative cascades.

Methodology: CARs calculated for short ([-1, +3]), long ([-5, +5]), and tight ([-1, +1]) windows using log
returns from ‘PrimaryData vi.csv’, processed in ‘eventStudy.do’. Wilcoxon tests compared crypto
(BTC, ETH, BGCI, Compass, NASDAQ Crypto) vs traditional assets (S&P 500, FTSE 100, Nikkei 225) for
20 fraud events, restricting ETH (post-2015), BGCI (post-2017), Compass (post-2012), and NASDAQ
Crypto (post-2021) [ ‘event_study.log’].

Table 5.1: Wilcoxon Signed-Rank Test Results for Fraud Events

Compariso | Short [-1, Short p- Long [-5, Long p- Tight [-1, Tight p-
n +3]z value +5] z value +1] z value
ggpcsvgo -0.933 0.3507 -1.829 0.0674* -0.037 0.9702
FI?TS% Y?)'o -0.560 0.5755 -1.605 0.1084 0.224 0.8228
N]iakigi\;és -0.747 0.4553 -1.381 0.1672 0.000 1.0000
gg?;oso -1.018 0.3088 -1.160 0.2461 -1.444 0.1488
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S&P 500 | 77759092 33277277

NASDAQ ]

Crypto vs. oéé976915123 0.767097 | 0.17770466 | 0.858955 0565215%%31756 0.514670

FTSE 100 33277277

NASDAQ ] ]

Cryptovs. | 029617443 | 0767097 | 0.17770466 | 0.858955 0313727777%‘;676 0.858955

Nikkei 225 | 88795461 33277277

Notes: *p<0.10, **p<0.05. Number of events: BTC, Compass (20); ETH (17); BGCI (15); NASDAQ Crypto (9).
Source: event_study.log.

Table 5.2: Example CARs for Fraud Events

Short [-1, +3] Long [-5, +5] Tight [-1, +1]
Event Asset CAR CAR CAR
FTX Collapse
(2022-11-11) BTC -0.21264575 -0.2411235 -0.13517241
ETH -0.11106548 -0.290483 -0.17301282
S&P 500 -0.04800367 -0.03698025 -0.03010664
Mt. Gox Hack
(2014-02-24) BTC -0.02430904 0.03386453 -0.12171152
Compass 0.01684494 -0.09511305 -0.1100537
S&P 500 0.00977645 0.01010218 0.00481886
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Notes: CARs calculated from PrimaryData_v1.csv. Source: event_study.log.

Interpretation: Fraud events trigger crypto volatility cascades, with Compass’s significant
negative CARs {p=0.0304, long} reflecting systemic shocks. Traditional assets’ minimal CARs (S&P 500:
-0.04800367, FTX) highlight resilience. BTC’s insignificance {p=0.3507, short} and ETH’s {p=0.3088,
short} suggest a market maturation hypothesis, where investors discern isolated frauds (e.g., Mt. Gox) from
systemic failures (FTX’s $1 billion loss) [Trozze et al., 2022]. NASDAQ Crypto’s limited events (9) reduce
power {p>0.7671}, partially supporting H1.

Cumulative Abnormal Returns (CARs) for Fraud Events (Short Window [-1, +3])

21julz010 -0.288 -0.451 -0.231 0.067 0.092 0.029 0.045 0.013 .

27)un2012 - 0.060 0.074 0.026 0.044 -0.005 0.036 0.030 0.008
020ct2013 -0.011 0.017 0.055 0.005 -0.012 -0.008 - 0.2
24Feb2014 -  -0.024 0.109 0.006 0.078 -0.001 0.010 0.000 -0.008
17Jun2016 - 0.067 -0.017 -0.153 -0.106 0.006 0.013 -0.008
02Aug2016 - -0.093 0.047 0.044 0.137 0.086 0.004 0.013 -0.008 -0l
16jan2018 - -0.189 0.199 0172 0.002 0.081 0.009 0.003 -0.008
26/an2018 - 0.001 0.157 0.026 -0.007 0.011 0.006 -0.008 -0.008
14Jan2019 - 0.001 -0.028 0.057 -0.019 0.015 0.009 -0.008 [

ﬁ 27)un2019-  -0.030 0.047 0.003 0183 0.008 0.001 0.008 .
E 19Nov2019 - -0.151 0.044 0.048 -0.003 -0.009 -0.008 020
= 02Apr2020 - 0.051 0.049 0.016 0.029 -0.038 -0.030 -0.008
13Apr2021 - 0.037 -0.111 0.066 0.024 0.014 0.013 -0.008
245ep2021 - -0.007 0.050 0.031 0.041 0.011 0.005 0.008 - —0-2
290ct2021 - 0.033 0.013 0.000 0.014 0.005 -0.008
01Nov2021 - -0.001 0.081 -0.228 0.016 0.008 0.008
09May2022 - 0.213 0.053 -0.048 0.041 -0.008 -
11Nov2022- 0038 0.047 0.054 0.013 0.008
21Nov2024 - 0.057 0.036 0.009 -0.008 0.008 o4
25Nov2024 - -0.021 0.005 -0.008 -0.008
8TC ETH BGCI Compass Nasdaq Crypto  S&P 500 FTSE 100 Nikkei 225
Asset
Figure 5.1

Heatmap of Cumulative Abnormal Returns (CARs) for fraud events in the short window [-1, +3], highlighting crypto volatility
cascades (e.g., Compass: -0.22842282, FTX Collapse) versus traditional asset stability (e.g., S&P 500: -0.04800367). Source:
Derived from event_study.log and PrimaryData_v1.csv
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BTC and S&P 500 Price History with Fraud and Regulatory Event Markers
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Figure 5.2
BTC and S&P 500 price history (2010-2025) with fraud and regulatory event markers, illustrating fraud impacts and regulatory
influences. Source: Derived from PrimaryData v1.csv and event_study.log

5.1.2 Regulatory Events (H2)

Objective: Test H2, positing that regulatory events stabilize traditional securities more than

cryptocurrencies, reflecting trust in centralized oversight.

Methodology: CARs calculated for short ([-1, +3]), long ([-5, +5]), and tight ([-1, +1]) windows, with

Wilcoxon tests for 10 regulatory events (event_study.log).

Table 5.3: Wilcoxon Signed-Rank Test Results for Regulatory Events

Compariso | Short [-1, Short p- Long [-5, Long p- Tight [-1, Tight p-
n +3] z value +5] z value +1] z value
fgfg - L0.255 0.7989 1172 02411 0.153 0.8785
FP%TS% e 0.357 0.7213 0.764 0.4446 0.561 0.5751
Nligkigi\;i s | 0387 0.7213 1070 0.2845 -0.051 0.9594
e 0.533 0.5940 2.192 0.0284%* 0.296 0.7671
S| 0533 0.5940 2.192 0.0284%* 0.533 0.5940
N | 0889 0.3743 2.192 0.0284%* -0.178 0.8590

s | o o | 2| oo | RS | o
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BGCIvs. | 195475129 . | 112546286 195475129 .
FTSE 100 | 6605005 | %090012% 1 "904pp95 | 0260393 1 "ichs00s | 0030612
BGCIvs. | 0.88852331 0.77005354 1.83628152 i

Nikkei 225 | 66386385 | U374 | jogesz | 04H268 | ps3ige | 0-006316
Compass -
vs.S&P | 0.05923488 | 0.952765 05655315%%31756 0.514670 1':??3;377;19 0.138641

500 77759092
Compass

0.05923488 0.29617443 136240241

Vs.llz)'gSE s | 0952765 | %O 0767007 | HICHEM | 0173071
Compass

Pass | 15923488 0.29617443 0.77005354
vs, é\leé(kel ey | 0952765 | 200U og67007 | 0TI T 0 441268
NASDAQ - i
Cryptovs. | 0.10482848 | 0916512 | 0.73379938 | 0.463071 05%139‘;5266355 0.345448
S&P500 | 36721918 57053429
NASDAQ i
Crypto vs. 0316%8129%8 0916512 | 073379938 | 0.463071 1'1)53391‘113132 0.248864
FTSE 100 57053429
NASDAQ - i -
Cryptovs. | 0.10482848 | 0916512 | 1.36277028 | 0.172955 | 0.10482848 | 0.916512
Nikkei 225 | 36721918 7738494 36721918

Notes: *p<0.10, **p<0.05. Number of events: BTC (10); ETH, BGCI, Compass (9); NASDAQ Crypto (6). Source: event_study.log.

Table 5.4: Example CARs for Regulatory Events

Event J Short 1, 3 Long 5. 5] Tight [1.+1]
SECET 1;0()2024' BTC 20.09124456 20.03850251 20.01178251
ETH 0.08789934 L0.04264387 0.04722537

S&P 500 0.0042504 0.02009037 0.00349971

MiCA %’24'12' BTC 0.0183434 -0.00305636 20.01913903
ETH 0.0864686 0.10202217 0.02678473

S&P 500 20.01728004 20.01628573 20.01505368

Notes: CARs calculated from PrimaryData_v1.csv. Source: event_study.log.

Interpretation: The regulatory asymmetry paradox emerges, with regulatory events destabilizing crypto

(ETH: {p=0.0284, long}; BGCI. {p=0.0506, short}) but stabilizing traditional assets (S&P 500: 0.0042504,

SEC ETF) [Liu and Serletis, 2019]. BTC’s insignificance {p=0.7989} reflects its anchor role,

while NASDAQ Crypto’s limited events (6) constrain findings. H2 is strongly supported, informing policy

design [European Union, 2023].
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Cumulative Abnormal Returns (CARs) for Regulatory Events (Short Window [-1, +3])
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Figure 5.3
Heatmap of Cumulative Abnormal Returns (CARs) for regulatory events in the short window [-1, +3], illustrating the regulatory
asymmetry paradox with crypto volatility versus traditional stability. Source: Derived from event_study.log and PrimaryData_v1.csv

5.2 Volatility Modeling Results

EGARCH(1,1) models dissect fraud, regulatory, and sentiment impacts on conditional volatility, testing

H1, H2, and partially H3. Spillover and event window analyses reveal dynamic market interactions.

5.2.1 Fraud and Regulatory Effects (H1, H2)

Objective: Test H1 (fraud increases crypto volatility) and H2 (regulations stabilizes traditional assets).

Methodology: Models fitted  with fraud dummy, reg dummy_exclusive, and  sentiment

(crypto_sentiment, traditional sentiment) using robust VCE [ volatility_modeling.log’]. The EGARCH

specification is:

€r €
In(6?) = w + «a at Ll +y at—l + B In(cZ,) + &; fraud_dummy
t-1 t-1

+ &, reg_dummy_exclusive + &3 sentiment

Volatility was analysed in narrow ([-1, -1], [0, 0], [+1, +1]) and wide ([-3, -1], [+1, +3]) windows. OLS
regressions tested spillovers (BTC—ETH, ETH—BGCI, S&P 500— Nikkei 225).

Table 5.5: EGARCH Coefficients for Fraud and Regulatory Events

Asset Fraud Coef

Fraud p-value

Reg Coef

Reg p-value

BTC

-0.0223705

0.1239

0.0123062

0.0689*
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ETH -0.0383947 0.0427** -0.0231538 0.0675*
BGCI -0.0330025 0.1330 0.02062 0.0584*
Compass 0.0091095 0.6215 0.0047343 0.7134
NASDAQ Crypto -0.0178379 0.4182 0.015892 0.1509
S&P 500 0.0006753 0.6337 -0.001145 0.7174
FTSE 100 -0.000456 0.7697 -0.0003955 0.9072
Nikkei 225 0.0041861 0.1802 -0.001396 0.6104

Notes: *p<0.10, **p<0.05. Variance during fraud: BTC (0.002331), ETH (0.0026568), S&P 500 (0.0001156). Variance during
regulatory: BTC (0.0034652), ETH (0.0026349), S&P 500 (0.0001139). Source: volatility modeling.log.

Table 5.6: Mean Volatility in Event Windows

Fraud | Fraud Reg Reg

aver | Frout | prand | Bt | ide | wide | Re% | R DRt wide | wide
g Pre Post g Pre Post

BTC 0.0027 | 0.0023 | 0.0024 | 0.0028 | 0.0024 | 0.0036 | 0.0034 | 0.0037 | 0.0044 | 0.0029
083 31 085 755 908 691 652 271 109 048

ETH 0.0032 | 0.0026 | 0.0027 | 0.0034 | 0.0027 | 0.0032 | 0.0026 | 0.0027 | 0.0034 | 0.0027
753 568 308 92 741 283 349 134 29 154

S&P 0.0001 | 0.0001 | 0.0001 | 0.0001 | 0.0001 | 0.0001 | 0.0001 | 0.0001 | 0.0001 | 0.0001
500 113 156 071 091 14 101 139 056 087 128

Notes: Mean conditional variances from EGARCH models. Source: volatility modeling.log.

e Spillovers:

o BTC—ETH: Coef=0.97471, p=0.0000
o ETH—BGCI: Coef=0.3155467, p = 0.0000
o S&P 500—Nikkei 225: Coef = 0.0981653, p = 0.0000

Interpretation: ETH’s fraud volatility {p=0.0427} confirms crypto volatility cascades, amplified by DeFi

networks. Traditional assets’ stability (S&P 500: {p=0.6337}) supports H1 and H2. Regulatory volatility

(BTC, ETH, BGCI: {p<0.10}) reinforces the regulatory asymmetry paradox . BTC’s fraud insignificance

{p=0.1239} validates the market maturation hypothesis.
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Line plot of mean conditional variance across pre [-1, -1], during [0, 0], and post [+1, +1] windows for fraud (top) and regulatory
(bottom) events, showing crypto volatility cascades versus traditional stability. Source: Derived from volatility modeling.log

5.2.2 Sentiment Effects (H3)

Objective: Assess Reddit sentiment’s impact on volatility, supporting H3.

Methodology: EGARCH models included crypto_sentiment (crypto) or traditional sentiment (traditional

assets), with ~50% non-zero days (2,686/5,372, data_prep.log).

Table 5.7: EGARCH Sentiment Coefficients

Asset Sentiment Coef p-value

BTC 0.0000234 0.9053

ETH 0.0000987 0.5660
BGCI -0.0001103 0.5110
Compass 0.0000887 0.6658
NASDAQ Crypto -0.00000962 0.9551
S&P 500 0.0000149 0.7029
FTSE 100 -0.0000172 0.6487
Nikkei 225 0.0000122 0.7229

Notes: Coefficients from EGARCH models, volatility modeling.log.

Interpretation: Insignificant sentiment coefficients {p>0.10} suggest sentiment’s direct volatility impact

is muted, likely due to sparse Reddit data (~50% non-zero days). This sets the stage for sentiment

contagion waves, where negative sentiment triggers volatility through retail networks, explored in Granger
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causality (Section 5.3) [Awad, 2022]. The lack of EGARCH significance distinguishes sentiment as a

catalyst, a novel behavioural finance insight.

5.2.3 Diagnostics

e Ljung-Box Test: BTC {Q=1960.6182,

indicating autocorrelation [Ampountolas, 2023].

e Robustness:

[‘data_prep.log’].

5.3 Granger Causality Results (H3)

p=0.0000}, S&P 500 {Q=3704.4166,

p=0.0000},

Robust VCE, 500 iterations, and time restrictions ensured convergence

Objective: Test H3, positing that Reddit sentiment predicts crypto volatility more than traditional securities,

introducing sentiment contagion waves.

Methodology:

Tests

used std_log cond_var*

and

interactions

(std_sent fraud interact, std_sent event interact, std_sent vol interact) with 1-2 lags, robust VCE, in

fraud-only and combined windows [ ‘granger_causality.log’].

Table 5.8: Granger Causality Results for Negative Sentiment-Event Interaction (Fraud-Only Window)

Asset Chi? (1 lag) p-value (1 lag) Chi? (2 lags) p-value (2 lags)
BTC 27.9764 0.0000%** 29.7663 0.0000***
ETH 3.2125 0.0731%* 10.9783 0.0041***
BGCI 14.6226 0.00071*** 14.8860 0.0006***
Compass 2.0406 0.1532 73.9136 0.0000%**

NASDAQ Crypto 0.0984 0.7537 0.2850 0.8672

S&P 500 23.8622 0.0000%** 865.4400 0.0000%**
FTSE 100 0.0380 0.8454 6.5074 0.0386**
Nikkei 225 122.4860 0.0000%** 1178.8526 0.0000%**

Notes: *p<0.10, **p<0.05, ***p<0.01. Source: granger_causality.log.

Table 5.9: Granger Causality Results for Sentiment-Fraud and Sentiment-Volatility Interactions (Combined Window)

Fraud Fraud Fraud Fraud . | Yolp- - | VYolp-
Asset Chi? (1 p-value | Chi* (2 | p-value V((;llgh)l value (1 \(]; llflsl; value (2
lag) (1 lag) lags) (2 lags) g lag) g lags)
BTC 1.7714 0.1832 3.6763 0.1591 2.1464 0.1429 3.4309 0.1799
0.0248*
ETH 0.6439 0.4223 7.3899 * 1.4694 0.2254 1.6912 0.4293
S&P
500 0.6614 0.4161 2.5975 0.2729 0.0140 0.9060 1.9842 0.3708

Notes: **p<0.05. Subset of assets for brevity. Source: granger causality.log.
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Interpretation: Negative sentiment-event interaction unveils sentiment contagion waves,
predicting crypto volatility with precision (BTC, ETH, BGCI, Compass: p<0.01, 2 lags, fraud-
only), as Reddit amplifies panic during fraud events through retail networks [Long et al., 2024].
Traditional assets’ significance {S&P 500, Nikkei 225: p=0.0000} suggests sentiment’s broader
reach, challenging H3’s crypto-specificity. The sentiment-fraud interaction supports H3 for ETH
{p=0.0248, 2 lags}, while sentiment-volatility’s insignificance {p>0.10} indicates transient
effects. Sparse Reddit data (~50% non-zero days) limits robustness, yet the findings redefine

sentiment as a network-driven volatility catalyst [Bhatt et al., 2023].

Granger Causality: Negative Sentiment-Event Interaction (2 Lags)
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Figure 5.5

Bar plot of Granger causality Chi? statistics for negative sentiment-event interactions (2 lags), unveiling sentiment contagion waves
with strong predictive power for crypto and some traditional assets. Source: Derived from granger causality.log

5.4 Summary of Findings

The analyses weave a tapestry of insights for RQ1-RQ3 and H1-H3, blending empirical rigor with

theoretical innovation:

»

»

H1 (Fraud Increases Crypto Volatility): Partially supported, rejecting the null hypothesis
for ETH and Compass. ETH’s  volatility spike (EGARCH: {p=0.0427}) and Compass’s
negative CARs (Wilcoxon: {p=0.030365}) confirm fraud events as catalysts for crypto volatility
cascades, driven by trust erosion. BTC’s insignificance ({p=0.1239}), failing to reject the null,
signals a maturing anchor asset, while NASDAQ Crypto’s limited events (9) constrain findings.
The market maturation hypothesis redefines crypto risk as selective, a novel lens [Goyal and Soni,
2023; Trozze et al., 2022].

H2 (Regulatory Stabilizes Traditional Assets): Strongly supported, rejecting the null hypothesis.
Traditional assets’ stability (S&P 500: {p=0.7174}, FTSE 100: {p=0.9072}, EGARCH) and
minimal CARs contrast with crypto’s volatility (ETH: {p=0.0284}, Wilcoxon; {p=0.0675},
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EGARCH; BGCI: {p=0.050612}, Wilcoxon). The regulatory asymmetry paradox highlights
crypto’s sensitivity to policy shifts vs. traditional trust anchors [Liu and Serletis, 2019; European
Union, 2023].

»  H3 (Sentiment Predicts Crypto Volatility): Partially supported, rejecting the null hypothesis for
crypto assets. Negative sentiment’s predictive power (BTC, ETH, BGCI, Compass: {p<0.01},
Granger) unveils sentiment contagion waves amplified by retail networks (7/Bitcoin). Traditional
assets’ significance nuances H3, with ETH’s fraud-specific prediction ({p=0.0248})
reinforcing Reddit’s role. Sparse data (~50% non-zero days) limits EGARCH significance
({p>0.10}), redefining sentiment as a transient trigger [Awad, 2022; Long et al., 2024].

The results address RQ1 by quantifying fraud and regulatory impacts, RQ2 by contrasting crypto volatility

with traditional stability, and RQ3 by illuminating sentiment’s predictive role.

5.5 Implications

The findings yield transformative implications, redefining FinTech risk management, regulatory policy, and

research:

»

»

»

»

Investors: Crypto investors face volatility cascades during fraud events, necessitating dynamic
hedging. Regulatory volatility demands policy monitoring, leveraging sentiment-driven algorithms for
volatility prediction [Long et al., 2024].

Regulators: Crypto’s regulatory volatility requires frameworks like MiCA to mitigate fraud cascades,
as traditional stability proves regulatory efficacy [European Union, 2023]. A regulatory sentiment
index tracking Reddit/X could pre-empt volatility, a pioneering tool.

Researchers: The market maturation hypothesis and regulatory paradox urge multivariate GARCH
models with high-frequency data to address autocorrelation. X/7elegram sentiment could
overcome Reddit’s sparsity, enhancing H3. Network models mapping spillovers could quantify
cascades, a frontier for complexity economics [Hirdle et al., 2020].

Market Participants: Crypto exchanges should brace for fraud cascades, adjusting liquidity.
Traditional managers leverage regulatory stability. Sentiment-driven platforms could

harness contagion waves [Bhatt et al., 2023].

5.6 Limitations

Several limitations temper the findings, guiding future refinements:

»

»

»

Event Study: Event isolation is challenged by concurrent shocks, inflating CARs. NASDAQ Crypto’s
limited events (9 fraud, 6 regulatory) reduce power [Patel, 2022].
EGARCH Modeling: Residual autocorrelation (Ljung-Box: BTC {Q=1960.6182, p=0.0000}) signals
misspecification, possibly from unmodeled breaks [Ampountolas, 2023]. Sentiment’s insignificance
({p>0.10}) stems from sparse Reddit data (~50% non-zero days).
Granger Causality: Traditional assets’ significance complicates H3’s crypto focus. Sparse data and

1-2 lag restrictions may miss longer-term effects [Long et al., 2024].
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»

»

Data Constraints: Shorter ETH (post-2015), BGCI (post-2017), and NASDAQ Crypto (post-2021)
series limit comparability. Forward-filling traditional non-trading days may underestimate volatility
[Liu and Serletis, 2019].

Generalizability: Reddit’s exclusivity omits X/Telegram signals, and 30 events may miss niche frauds.

Global market differences (e.g., Nikkei 225°s trading hours) affect spillovers [Corbet et al., 2019].

These limitations fuel research into network-driven volatility models.

5.7 Validation

The study’s robustness is validated through rigorous checks:

»

»

»

»

»

Statistical Significance: ETH’s fraud volatility, Compass’s CARs, ETH/BGCT’s regulatory sensitivity,
and sentiment’s predictive power align with theory [Goyal and Soni, 2023].

Diagnostics Transparency: Ljung-Box autocorrelation guides refinement. Sentiment coverage (~50%
non-zero days) verified [ ‘data_prep.log’].

Methodological Rigor: Robust VCE, 500 iterations, and time restrictions ensure convergence.
Stationarity (Dickey-Fuller: {p<0.05}) validates Granger results.

Sensitivity Checks: Wilcoxon multi-window tests and post-2018 EGARCH re-estimation confirm
robustness. Spillovers validate network effects.

Data Validation: Event counts (20 fraud, 10 regulatory) and CARs match ‘event study.log’. Volatility

and sentiment align with “volatility modeling.log’ and ‘data_prep.log’.
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Section 6: Conclusion

This dissertation investigates the impact of fraud, regulatory events, and Reddit sentiment on the price
volatility of cryptocurrencies compared to traditional securities from 17 July 2010 to 31 March 2025. Using
a multi-method approach—event study analysis, EGARCH(1,1) volatility modelling, and Granger causality
testing—it addresses three research questions: how fraud and regulatory events shape volatility in crypto
versus traditional markets (RQ1, RQ2) and the predictive role of Reddit sentiment (RQ3). The findings
reveal distinct volatility patterns, regulatory influences, and sentiment-driven dynamics, offering
contributions to FinTech while acknowledging limitations and future directions. This conclusion
synthesizes key insights, reinforces the study’s significance, and provides closure by emphasizing its role

in navigating hybrid financial ecosystems.

6.1 Summary of Findings

The study’s analysis of 5,372 daily observations
in ‘PrimaryData_vi.csv’and ‘Sentiment Scores Enhanced.csv’ confirms unique volatility
dynamics. Fraud events trigger crypto volatility cascades, partially supporting H1, with ETH’s
significant volatility {p=0.0427} reflecting trust erosion during shocks like the FTX Collapse (11
November 2022, $1 billion loss). BTC’s muted response {p=0.1239} unveils a market maturation
hypothesis, where investors discern isolated frauds while traditional assets remain stable [Trozze et al.,
2022]. Regulatory events stabilize traditional markets but destabilize crypto, fully supporting H2,
as S&P 500’s minimal CARs contrast with ETH’s volatility, revealing a regulatory asymmetry paradox
driven by crypto’s speculative trading [European Union, 2023]. Negative Reddit sentiment predicts
crypto volatility, partially supporting H3, with BTC and ETH showing strong Granger causality {p<0.01},
amplified by retail networks (7/Bitcoin), though traditional markets’ significance nuances crypto-specificity
[Long et al., 2024]. Sparse Reddit data (~50% non-zero days) limits direct EGARCH effects {p>0.10},
positioning sentiment as a transient trigger [Awad, 2022]. The integrated and consolidated methodology
addresses RQ1-RQ3, blending immediate (CARs), dynamic (EGARCH), and predictive (Granger)

perspectives.

6.2 Limitations

Constraints temper the findings. Event isolation is challenged by concurrent shocks (e.g., FTX’s
macroeconomic overlap), inflating CARs. EGARCH autocorrelation suggests misspecification, possibly
from unmodeled breaks [Ampountolas, 2023]. Sparse Reddit data (~50% non-zero days) limits
sentiment’s EGARCH impact, and Reddit’s exclusivity omits X/Telegramsignals. Shorter crypto
series (ETH post-2015, NASDAQ Crypto post-2021) reduce comparability, and forward-filling traditional
non-trading days may underestimate volatility [Liu and Serletis, 2019]. Limited event coverage (30
events) may miss niche frauds, and global trading differences (Nikkei 225) affect spillovers [Corbet et al.,

2019]. Robustness checks (e.g., multi-window CARs, sentiment validation) mitigate these issues.

38



249469 N1626: FinTech Research Project

6.3 Future Research Directions

Future research can extend these insights. Multi-platform sentiment analysis (X, Telegram) using BERT
could address Reddit’s sparsity. Multivariate GARCH models with high-frequency data may resolve
autocorrelation, incorporating macroeconomic factors [Ampountolas, 2023]. Broader event
inclusion (e.g., smart contract frauds) and region-specific models for trading hours could refine spillovers
[Corbet et al., 2019]. Real-time forecasting tools leveraging sentiment and volatility predictions could

empower stakeholders [Long et al., 2024]. These directions promise deeper FinTech insights.

6.4 Final Remarks

This dissertation illuminates how fraud, regulation, and Reddit sentiment shape distinct volatility dynamics
in cryptocurrency and traditional markets. Crypto’s susceptibility to fraud cascades, traditional markets’
regulatory stability, and sentiment’s predictive power provide a robust framework bridging financial
econometrics and behavioural finance. As cryptocurrencies converge with global finance, this study offers
a cornerstone for academic and practical innovation, guiding stakeholders toward resilience in an evolving

financial landscape.
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Appendix A: List of Key Events Analysed

Table A.1: List of 30 Fraud and Regulatory Events

Type Date Description Source
Dodd-Frank Act: [https://www.govinfo.g
Enhanced traditional | ov/content/pkg/PLAW-
Regulatory 21 Jul 2010 market oversight, 111publ203/pdf/PLAW
indirect crypto impact. -111publ203.pdf]
[https://www.justice.go
LIBOR Scandal: Banks V/archives/opa/pr/b.arcl
. ays-bank-plc-admits-
Fraud 27 Jun 2012 mampulated LIBO.R’ misconduct-related-
affecting $350 trillion -
in contracts. ' submissions-london-
interbank-offered-rate-
and]
[https://www.nytimes.c
Silk Road Shutdown: | om/2015/02/05/nyregio
FBI shut down Silk n/man-behind-silk-
Fraud 02 Oct 2013 Road, seizing 26,000 road-website-is-
BTC. convicted-on-all-
counts.html]
Mt. Gox Hack:
Hackers stole ~850,000 | [https:/www.wsj.com/
Fraud 24 Feb 2014 BTC. leading o | articles/BL-263B.352]
exchange bankruptcy.
Mt. Gox Collapse
Response: Exchange [https://www.wsj.com/
Regulatory 24 Feb 2014 cP())llapsed aftor | articlos/BL.2638.352]
~850,000 BTC stolen.
The DAO Hack:
Exploited vulnerability | LIPS/papers.ssm.co
Fraud 17 Jun 2016 . . m/sol3/papers.cfm?abst
in the DAO, stealing o
$50 million in ETH. ract_id=3014782]
Bitfinex Hack: Hackers [https:// "
stole 119,756 BTC DS WA DYHINES.©
Fraud 02 Aug 2016 (~872 million) by | O™/2016/08/04/busines
exploiting multisig §/dealbook/b1tcom-
bitfinex-hacked.html]
wallet.
BitConnect: Promised | [https://thenextweb.co
~1% daily returns, m/news/bitconnect-
Fraud 16 Jan 2018 collapsed as $2.4 bitcoin-scam-
billion Ponzi. cryptocurrency]
[https://www.reuters.co
m/article/us-japan-
Coincheck Hack: Lost | cryptocurrency/japan-
$530 million in NEM | raps-coincheck-orders-
Fraud 26 Jan 2018 from hot wallet due to broader-checks-after-
missing multisig. 530-million-
cryptocurrency-theft-
idUSKBN1FI06S/]
Coincheck Hack [https://english.kyodon
Response: FSA ews.net/news/2018/01/
Regulatory 02 Feb 2018 inspected Coincheck 1c247ee5c¢483-
after $530 million coincheck-possibly-
NEM hack. unable-to-reimburse-
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customers-after-
theft.html]
S é;%gfi{miﬁ?nﬁé d [https://www.fca.org.u
Regulatory 23 Apr 2018 ) k/news/speeches/libor-
as alternative to .
LIBOR. preparing-end]
QuadrigaCX Scandal: [https://vancouversun.c
) om/news/local-
CEOQ’s death revealed news/troubled-bitcoin-
Fraud 14 Jan 2019 $190 million in funds | "0 o oD IEETRICO
inaccessible, suspected trader-quadr1gacx-
fraud, takes-another-bizarre-
turn]
PlusToken Scam: [ht.tps://www.wsj .com/
Chinese Ponzi scheme aﬂ1cles/cryptqcunency
Fraud 27 Jun 2019 collapsed, $3 billion in -scams-took-in-more-
. t,o stolen than-4-billion-in-2019-
yp : 11581184800]
[https://indianexpress.c
OneCoin: Sold om/article/cities/mumb
“educational packages” ai/onecoin-fraud-
Fraud 19 Nov 2019 and fake tokens, chargesheet-says-
defrauded ~$4 billion. accused-amassed-rs-
75-crore-4743458/]
FCA Crypto [https://www.fca.org.u
AML/CTF Regime: k/firms/financial-
Regulatory 10 Jan 2020 Mandated compliance crime/cryptoassets-
for crypto businesses. aml-ctf-regime]
[https://www.fca.org.u
k/news/press-
releases/fca-bans-sale-
UK FCA Ban on crypto-derivatives-
Crypto-Derivatives: retail-
Regulatory 06 Jan 2021 Restricted retail crypto | consumers#:~:text=The
trading. %20FCA%20has%20p
ublished%?20final,to%2
0the%20harm%20they
%?20pose.]
[https://www.dailymav
erick.co.za/article/2025
-04-14-africrypt-how-
investors-were-fleeced-
and-left-high-and-
Africrypt Scam dry/?dm_source=dm_b
Response: Founders lock grid&dm_ mediu
Regulatory 23 Jun 2021 disappeared with $3.6 | m=card_link&dm_cam
billion BTC. paign=main#:~:text=T
he%20Africrypt%20m
odel%?20relied%200n,1
ater%20complicated%
20legal%20recovery%
20efforts.]
[https://www.weforum.
org/stories/2022/01/wh
China Crypto Ban: at‘f;}‘jgg?fljg;?;‘_'s‘
Regulatory 24 Sep 2021 PltB(?[rCrll)anr:ie:(ilall nd ban/#:~:text=The%20P
CTYPLO ransactions and |- 14150420Bank%200f
minineg. %20China,actually%20
capital%20flight%20fr
om%?20China.]
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AnubisDAO Scam:
Developers absconded

[https://cryptobriefing.c
om/60m-stolen-from-
anubisdao-crypto-

Fraud 29 Oct 2021 with $60 million fundraise/#:~:text=Key
liquidity one day after | %20Takeaways,pool%
launch. 20by%20an%20unkno
wn%?20entity. ]
[https://www.trmlabs.c
om/resources/blog/squi
Squid Token Scam: d-game-season-2-a-
“Squid Game” token window-into-popular-
Fraud 01 Nov 2021 spiked 310,000% then | CUlture-and-crypto-
crashed, stealing $2-3 scams#:~:text=The%20
r,nillion 2021%20SQUID%20to
) ken%20scam,course%2
001%20a%20few%20w
eeks.]
[https://www.indiafilin
gs.com/learn/crypto-
India Crypto Tax: tax-in-india-taxation-
N on-
Regulatory 01 Apr 2022 Icf?}rf);ti)esri é?s/';;?lxlg/? cryptocurrency/#:~:text
TDS =Crypt0%20Tax%20R
) ate%20in%20India, wit
hin%20a%20single%2
Ofinancial%?20year.]
Tegg%}lorﬁ glo Ezg;se‘ [https://corpgov.law.ha
Fraud 09 May 2022 LUNA collapsed, rvard.edu/2023/05/22/a
wiping $40-45 billion | "atomy-of-a-run-the-
market cap. terra-luna-crash/]
[https://www.nerdwalle
FTX Collapse: FTX t.com/article/investing/
filed for bapkruptcy crash#:~:tfet:>((t:FTX%2
Fraud 11 Nov 2022 af{f{]'SBF ;msufed $10 C%20a%20major%20c
Hion f(l)mglsls omer ryptocurrency%?20exch
' ange,11%2C%202022.
]
[https://abcnews.go.co
FTX Collapse m/Business/timeline-
Response: SEC/DOJ cryptocurrency-
Regulatory 13 Dec 2022 charged FTX founder | exchange-ftxs-historic-
for fraud post-collapse. | collapse/story?id=9333
7035]
Adani Group Short-
Seller Report:
Hindenburg accused [https://hindenburgrese
Fraud 24 Jan 2023 Adani of $100 billion- | arch.com/adani/]
scale fraud &
manipulation.
SEC Spot Bitcoin ETF [https://www.sec.gov/n
Approval: SEC ewsroom/speeches-
Regulatory 10 Jan 2024 pp . statements/gensler-
approved spot Bitcoin oo
ETFs. statement-spot-bitcoin-
011023]
Evergrande Fraud: [https://www.cnn.com/
Fraud 19 Mar 2024 Inflated revenues by 2024/03/19/business/ch

$78 billion, China’s

ina-evergrande-fraud-

45



249469 N1626: FinTech Research Project
largest financial fraud | csrc-investigation-hnk-
case. intl]
[https://www.theguardi
Evergrande Fraud an.com/business/2024/
Response: CSRC fined mar/19/evergrande-
Regulatory 19 Mar 2024 Evergrande $580 chinese-firm-and-
million for revenue founder-hui-ka-yan-
inflation. fined-over-78bn-
claims]
[https://www.reuters.co
Adani Group Scandal: | m/business/energy/indi
DOJ/SEC indicted as-adani-green-energy-
Fraud 21 Nov 2024 Gautam Adani for $265 withdraws-planned-
million bribery & dollar-bond-sale-
fraud. sources-say-2024-11-
21/]
[https://www.justice.go
Ken Leech “Cherry- v/usao-sdny/pr/former-
Picking” Scheme: chief-investment-
Fraud 25 Nov 2024 Western Asset’s Leech officer-global-bond-
charged for $600 investment-firm-
million cherry-picking. charged-over-600-
million]
l\fglﬁa‘fi sz}{{);o [https://eucrim.eu/news
Regulatory 30 Dec 2024 apolicd. reeulatin /mew-rules-for-crypto-
pplied, regulating assets-in-the-eu/]
crypto services.
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Appendix B: Supplementary Results

Table B.1: Wilcoxon Signed-Rank Test Results for Fraud Events

. Short [-1, | Shortp- | Long [-5, Long p- Tight [-1, | Tight p-
Comparison +3]z value +5] z value +1] z value
BTC vs. S&P 500 | _-0.933 03507 | -1.829 | 00674 | -0.037 | 09702
BTC vs. FTSE 100 | _0.560 | 05755 | -1.605 | 0.1084 0224 | 08228
BTC vs. Nikkei 225 | -0.747 | 04553 | -1.381 0.1672 0.000 1.0000
ETHvs. S&P 500 | -1.018 | 03088 | -1.160 | 02461 1444 | 0.1488
ETH vs. FTSE 100 | _0.686 | 04925 | -1.065 | 0.2868 112 | 02659
ETH vs. Nikkei 225 | 0876 | 03812 | -1.160 | 0.2461 1349 | 00713
BGClvs. S&P 500 | _0.568 | 05701 | -1363 | 0.1728 0.738 | 04603
BGClvs. FTSE 100 | 0057 | 09547 | -1.136 | 02560 20398 | 0.6909
BGCl vs. Nikkei 225 | -0.568 | 05701 | -1.193 | 02330 20852 | 03942
Compass vs. S&P 500 | _-1.717 | 0.0859* | 2.165 | 0.0304** | -1381 | 0.1672
Compass 48 FISE 1 1083 | 02790 | -1904 | 00s69* | -1157 | 02471
Compaszzv iy Nikkel |\ 1307 | 01913 | -1867 | 00620* | -1.307 | 0.1913
NASDAQ Crypto vs.
ey o 005 | 09528 | -0.178 | 0859 0296 | 0.7671
NASDAQ Crypto vs.
e 0.296 07671 | -0.178 | 0.8590 0652 | 05147
NASDAQ Crypto vs.
R oy 029 | 07671 | -0.178 | 0859 0.178 | 0.8590

Notes: *p<0.10, **p<0.05. Number of events: BTC, Compass (20); ETH (17); BGCI (15); NASDAQ
Crypto (9). Source: event_study.log.

Table B.2: Example CARs for Fraud Events

Short [-1, +3] Long [-5, +5] Tight [-1, +1]
Event Asset CAR CAR CAR

FTX Couafl’i‘; (2022-11- | gy -0.21264575 -0.2411235 -0.13517241
ETH 20.11106548 -0.290483 -0.17301282

S&P 500 -0.04800367 -0.03698025 -0.03010664

M. Gox ngl)‘ (2014-02- | pre -0.02430904 0.03386453 20.12171152
Compass 0.01684494 -0.09511305 -0.1100537

S&P 500 0.00977645 0.01010218 0.00481886

Notes: CARs calculated from PrimaryData_v1.csv. Source: event study.log.

Table B.3: Wilcoxon Signed-Rank Test Results for Regulatory Events

. Short [-1, | Shortp- | Long [-5, Long p- Tight [-1, | Tight p-
Comparison +3] i Value? +5g] [z Val%elz) -%1] i V%llllep
BTC vs. S&P 500 -0.255 0.7989 1.172 0.2411 0.153 0.8785
BTC vs. FTSE 100 0.357 0.7213 0.764 0.4446 0.561 0.5751
BTC vs. Nikkei 225 -0.357 0.7213 1.070 0.2845 -0.051 0.9594
ETH vs. S&P 500 -0.533 0.5940 2.192 0.0284** 0.296 0.7671
ETH vs. FTSE 100 -0.533 0.5940 2.192 0.0284** 0.533 0.5940
ETH vs. Nikkei 225 -0.889 0.3743 2.192 0.0284** -0.178 0.8590
BGCI vs. S&P 500 1.718 0.0858* 1.244 0.2135 1.836 0.0663*
BGCI vs. FTSE 100 1.955 0.0506* 1.125 0.2604 1.955 0.0506*
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BGCI vs. Nikkei 225 | 0.889 03743 0.770 0.4413 1.836 0.0663%
Compass vs. S&P 500 | -0.059 0.9528 0.652 0.5147 1.481 0.1386
Compaslso‘(’)s' FISE 1 4059 0.9528 0.296 0.7671 1362 0.1731
Compaszzvss' Nikkei 0.059 0.9528 0.296 0.7671 0.770 0.4413
NASDAQ Crypto vs.
S%P 500 -0.105 0.9165 -0.734 0.4631 0.943 0.3454
NASDAQ Crypto vs.
FTSE 100 0.105 0.9165 -0.734 0.4631 1.153 0.2489
NASDAQ Crypto vs.
Nikhei 20e -0.105 0.9165 -1.363 0.1730 -0.105 0.9165

Notes: *p<0.10, **p<0.05. Number of events: BTC (10); ETH, BGCI, Compass (9); NASDAQ Crypto
(6). Source: event_study.log.

Table B.4: Example CARs for Regulatory Events

Event Asset Shorct;[[;II{ +3] Long 1[;% +5] Tlgh(tjl[;II{ +1]

SEC i 5)2024'01' BTC -0.09124456 -0.03850251 -0.01178251
ETH 0.08789934 20.04264387 0.04722537

Ss‘é‘g 0.0042504 0.02009037 0.00349971

MiCA (2024-12-30) | BTC 0.0183434 20.00305636 2001913903
ETH 0.0864686 0.10202217 0.02678473

Ss‘é‘g -0.01728004 -0.01628573 -0.01505368

Notes: CARs calculated from PrimaryData_v1.csv. Source: event_study.log.

Table B.5: EGARCH Coefficients for Fraud and Regulatory Events

Asset Fraud Coef Fraud p-value Reg Coef Reg p-value
BTC -0.0223705 0.1239 0.0123062 0.0689*
ETH -0.0383947 0.0427** -0.0231538 0.0675*
BGCI -0.0330025 0.1330 0.02062 0.0584*
Compass 0.0091095 0.6215 0.0047343 0.7134
NASDAQ Crypto -0.0178379 0.4182 0.015892 0.1509
S&P 500 0.0006753 0.6337 -0.001145 0.7174
FTSE 100 -0.000456 0.7697 -0.0003955 0.9072
Nikkei 225 0.0041861 0.1802 -0.001396 0.6104
Notes: *p<0.10, **p<0.05. Variance during fraud. Source: volatility modeling.log.
Table B.6: Mean Volatility in Event Windows
Fraud Fraud | Fraud Re Re, Re
Ass | Fraud | o ol Fraud | it e | Re2 | purn | R | wige | wide
et Pre Post Pre Post
g Pre Post g Pre Post
BT | 0.0027 | 0.0023 | 0.0024 | 0.0028 | 0.0024 | 0.0036 | 0.0034 | 0.0037 | 0.0044 | 0.0029
C 083 31 085 755 908 691 652 271 109 048
ET | 0.0032 | 0.0026 | 0.0027 | 0.0034 | 0.0027 | 0.0032 | 0.0026 | 0.0027 | 0.0034 | 0.0027
H 753 568 308 92 741 283 349 134 29 154
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SI()& 0.0001 | 0.0001 | 0.0001 | 0.0001 | 0.0001 | 0.0001 | 0.0001 | 0.0001 | 0.0001 | 0.0001
500 113 156 071 091 14 101 139 056 087 128

Notes: Mean conditional variances from EGARCH models. Source: volatility modeling.log.

Table B.7: EGARCH Sentiment Coefficients
Asset Sentiment Coef p-value
BTC 0.0000234 0.9053
ETH 0.0000987 0.5660
BGCI -0.0001103 0.5110
Compass 0.0000887 0.6658
NASDAQ Crypto -0.00000962 0.9551
S&P 500 0.0000149 0.7029
FTSE 100 -0.0000172 0.6487
Nikkei 225 0.0000122 0.7229

Notes: Coefficients from EGARCH models, volatility modeling.log.

Table B.8: Granger Causality Results for Negative Sentiment-Event

Interaction (Fraud-Only Window)

Asset Chi? (1 lag) p-value (1 lag) Chi? (2 lags) p-value (2 lags)
BTC 27.9764 0.0000%** 29.7663 0.0000%**
ETH 3.2125 0.0731* 10.9783 0.0041***
BGCI 14.6226 0.0001*** 14.8860 0.0006***
Compass 2.0406 0.1532 73.9136 0.0000%**

NASDAQ Crypto 0.0984 0.7537 0.2850 0.8672

S&P 500 23.8622 0.0000%** 865.4400 0.0000%**
FTSE 100 0.0380 0.8454 6.5074 0.0386**
Nikkei 225 122.4860 0.0000%** 1178.8526 0.0000%**

Notes: *p<0.10, **p<0.05, ***p<0.01. Source: granger causality.log.

Table B.9: Granger Causality Results for Sentiment-Fraud and

Sentiment-Volatility Interactions (Combined Window)

Fraud | Fraud p- | Fraud Fraud p- Vol Vol p- Vol Vol p-

Asset | Chi(1 | value(1 | Chi*(2 value (2 Chi*?(1 | value(1 | Chi* (2 | value (2
lag) lag) lags) lags) lag) lag) lags) lags)

BTC 1.7714 0.1832 3.6763 0.1591 2.1464 0.1429 3.4309 0.1799
ETH | 0.6439 0.4223 7.3899 0.0248** 1.4694 0.2254 1.6912 0.4293
SS‘(S;L(I; 0.6614 0.4161 2.5975 0.2729 0.0140 0.9060 1.9842 0.3708

Notes: **p<0.05. Subset of assets for brevity. Source: granger causality.log.

Figure Descriptions:

1. #

2
3.
4. fig, ax = plt.subplots(figsize=(12, 4))
5
6

. sns.scatterplot(
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7. x="'Date"',
8. y="Event_Type"',
9. hue="Event_Type',
10. style="Asset_Type',
11. markers={'Crypto’': 'o', 'Traditional': 's'},
12. s=150,
13. palette={'Fraud': COLOR_PALETTE[ 'coral red'], 'Regulatory':
COLOR_PALETTE[ 'bright_blue']},
14. data=events_meta,
15. ax=ax
16. )
17.
18. # Annotate two flagship events
19. for _, row in events_meta[events_meta['Event Name'].isin(['Mt. Gox Hack', 'SEC Spot Bitcoin
ETF Approval'])].iterrows():
20. ax.annotate(
21. row[ 'Event_Name'],
22. xy=(row[ 'Date"'], row['Event_Type']),
23. xytext=(0, 10),
24. textcoords="offset points’,
25. ha='center',
26. fontsize=9,
27. arrowprops=dict(arrowstyle="-|>"', 1lw=0.8, color=COLOR_PALETTE[ 'dark_gray'])
28. )
29.
30. # Styling
31. ax.xaxis.set_major_locator(mdates.YearLocator(2))
32. ax.xaxis.set_major_formatter(mdates.DateFormatter('%Y"'))

+3D")
62.
63.
64.
65.
66.
67.
68.
69.
70.
71.
72.
73.
74.
75.
76.
77.

. ax.set_yticks(['Fraud', 'Regulatory'])

. ax.set_yticklabels(['Fraud', 'Regulatory'])

. ax.set_xlabel('Year')

. ax.set_ylabel('")

. ax.set_title('Figure 1.1 - Timeline of Fraud and Regulatory Events (2010 - 2025)')

. ax.legend(title="Event Type / Asset Class', bbox_to_anchor=(1.05, 1), loc='upper left')
. plt.tight_layout()

. plt.savefig(os.path.join(SAVE_PATH, 'timeline_of_events.png'))

. plt.close()

. # Reuse “fraud_dates’ & “car_data’ as defined originally
. fraud_dt_index = pd.to_datetime(fraud_dates, format='%d%b%Y")
. car_df = pd.DataFrame(car_data, index=fraud_dt_index).sort_index()

. plt.figure(figsize=(12, 8))
. sns.heatmap(

car_df,

annot=True,

fmt=".3f",
linewidths=0.5,
cmap="vlag',

center=0,
cbar_kws={"label': "CAR'}

plt.title('Figure 5.1 - Cumulative Abnormal Returns for Fraud Events (Short Window [-1,

plt.xlabel('Asset")

plt.ylabel('Event Date')

plt.xticks(rotation=45, ha="right")

plt.tight_layout()

plt.savefig(os.path.join(SAVE_PATH, 'fraud_event_cars_heatmap.png'))
plt.close()

df_prices = df_csv.set_index('Date")
btc = df_prices['BTC[Last Price]']
sp500 = df_prices['SP500_Close']

fig, axl = plt.subplots(figsize=(12, 6))
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78. axl.plot(btc.index, btc, color=COLOR_PALETTE[ 'coral_red'], linewidth=1.8, label='BTC
Price")

79. for d in pd.to_datetime(fraud_dates, format='%d%b%Y"):

80. axl.axvline(d, color=COLOR_PALETTE[ 'coral_red'], linestyle='--', alpha=0.6)

81. for d in regulatory_events[ 'Date']:

82. axl.axvline(d, color=COLOR_PALETTE[ 'dark_gray'], linestyle='--', alpha=0.6)

83.

84. axl.set_yscale('log')

85. axl.set_ylabel('BTC Price (Log Scale)', color=COLOR_PALETTE[ 'coral_red'])

86. axl.tick_params(axis="y', labelcolor=COLOR_PALETTE[ 'coral_red'])

87.

88. ax2 = axl.twinx()

89. ax2.plot(sp500.index, sp500, color=COLOR_PALETTE[ 'bright_blue'], linewidth=1.8, label='S&P
500 Price')

90. ax2.set_ylabel('S&P 500 Price', color=COLOR_PALETTE['bright_blue'])

91. ax2.tick_params(axis="y', labelcolor=COLOR_PALETTE[ 'bright_blue'])

92.

93. axl.xaxis.set_major_locator(mdates.YearLocator(2))

94. ax1l.xaxis.set_major_formatter(mdates.DateFormatter('%Y"))

95. ax1l.grid(True, axis='x', linestyle='--', alpha=0.4)

96.

97. # Combined legend

98. linesl, labelsl = axl.get_legend_handles_labels()

99. lines2, labels2 = ax2.get_legend_handles_labels()

100. axl.legend(linesl + lines2, labelsl + labels2, loc='upper left')

101.

102. plt.title('Figure 5.2 - BTC & S&P 500 Price History with Fraud & Regulatory Markers')
103. plt.tight_layout()

104. plt.savefig(os.path.join(SAVE_PATH, 'btc_sp500_price_history_ with_reg.png'))
105. plt.close()

106.

107.

N A e e e
109. # Figure 5.3 - Regulatory-Event CAR Heatmap

110, H mm - m e m e e e e e e e e e e e e e eeeo oo
111. reg_dt_index = pd.to_datetime(reg_dates, format='%d%b%Y")

112. car_reg_df = pd.DataFrame(car_data_reg, index=reg_dt_index).sort_index()

113.

114. plt.figure(figsize=(12, 8))

115. sns.heatmap(

116. car_reg_df,

117. annot=True,

118. fmt=".3f",

119. linewidths=0.5,

120. cmap="vlag',

121. center=0,

122. cbar_kws={"'label': "CAR'}

123.

124. plt.title('Figure 5.3 - Cumulative Abnormal Returns for Regulatory Events (Short Window [ -
1, +31)")

125. plt.xlabel('Asset")

126. plt.ylabel('Event Date')

127. plt.xticks(rotation=45, ha='right")

128. plt.tight_layout()

129. plt.savefig(os.path.join(SAVE_PATH, 'regulatory_event_cars_heatmap.png'))

130. plt.close()

131.

132.

I T A e e R e
134. # Figure 5.4 - Event-Window Volatility Line Plots

135, H mmmmm e m e e e e e e e e meeo oo
136. window_labels = ['Pre [-1, -1]', 'During [@, ©]"', 'Post [+1, +1]']

137. vol_df_fraud = pd.DataFrame(vol_data_fraud, index=window_labels)

138. vol_df_reg = pd.DataFrame(vol_data_reg, index=window_labels)

139.

140. fig, (ax_f, ax_r) = plt.subplots(2, 1, figsize=(12, 10), sharex=True)

141.

142. for col in vol_df_fraud.columns:

143. ax_f.plot(window_labels, vol_df fraud[col], marker='o', label=col)

144. ax_f.set_title('Figure 5.4 - Volatility During Fraud Events')

145. ax_f.set_ylabel('Volatility')

146. ax_f.set_yscale('log')

147. ax_f.legend(loc="best', ncol=2)

148.
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149.
150.
151.
152.
153.
154.
155.
156.
157.
158.
159.
160.
161.
162.
163.
164.
165.

for col in vol_df_reg.columns:

ax_r.plot(window_labels, vol_df reg[col], marker='o', label=col)
ax_r.set_title('Volatility During Regulatory Events')
ax_r.set_ylabel('Volatility")
ax_r.set_yscale('log')
ax_r.legend(loc="best', ncol=2)

ax_r.set_xlabel('Event Window")

plt.tight_layout()

plt.savefig(os.path.join(SAVE_PATH, 'event_window_volatility.png'))
plt.close()

granger_df = pd.DataFrame.from_dict(granger_data, orient="index',

columns=['Chi2"]).sort_values('Chi2', ascending=False)

166.
167.
168.
169.
170.
171.
172.
173.
174.
175.
176.
177.
178.
179.
180.
181.

plt.figure(figsize=(10, 6))
sns.barplot(
x=granger_df.index,
y="Chi2",
data=granger_df.reset_index(),
palette='rocket_r'

plt.yscale('log"')

plt.title('Figure 5.5 - Granger Causality: Negative Sentiment-Event Interaction (2 lags)')
plt.ylabel('Chi? Statistic (log scale)')

plt.xticks(rotation=45)

plt.tight_layout()

plt.savefig(os.path.join(SAVE_PATH, 'granger_causality_bar.png'))

plt.close()
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Appendix C: Validation Details

Table C.1: Sample Sentiment Validation Results

Event Text VADER Human
Score Score
Dodd-Frank Act The thieves are only. interested in one th¥ng. Keep
the corruption going so they can continue to -0.6486 -0.6
(2010-07-21) . ,
siphon off our country's wealth.
Very cheerful. I think the beginning of part two is
Dodd-Frank Act most likely. Without need for labour most people +0.4019 +0.4
(2010-07-21) . .
will become irrelevant.
Mt. Gox Collapse L . . .
Response (2014-02- Bitcoin is not backed by anythlng, so its value is 0.1027 0.1
24) purely speculative.
Mt. Gox Collapse , .
Response (2014-02- Mt. Gox’s collapse is a wake—up call. Crypto -0.5500 05
24) needs better security now.
EU AMLD V (2020- | Only Bitcoin matters... altcoins are mostly scams
-0.4404 -0.4
01-10) anyway.
EU AMLD V (2020- AMLD V is just governments trying to control
, -0.2500 -0.2
01-10) crypto. It’s overreach.
FTX Collapse (2022- FTX fallout is shaking trust in crypto exchanges
AP -0.6019 -0.7
11-11) big time.
FTX Collapse (2022- SBF’s actions were reckless, but crypto will 103182 103
11-11) recover stronger.
Ken Leech “Cherry- ., .
Picking” Scheme Hive’s blockchain 1f(s) rsug:;jas't and feeless. Great 10,6588 0.6
(2024-11-25) sammg:
Ken Leech “Cherry- , . .
Picking” Scheme Ken Leech’s fraud shcowstz)radﬁ is just as dirty as -0.5859 05
(2024-11-25) rypto.
Sample Source Data for Validation:
Table C.2: Sample from Sentiment Scores Enhanced.csv
. fraud crypto traditi traditi Reddit
sentim sentim | | o-%¢ crypto | _event onal_e onal_e Reddit score num_ num_t
date ent_sc ntimen | _event | _score - vent_s = Reddit —
ent_sc vent_s score scale weets
ore — t_score | _score | _scale N core_s | — = _posts
ore d core caled d
2010- | 0.161 | 0.500 - 0161 | 1618 | 0.161 | 1618
07-14 | 82900 | 61666 0'?7 0.0 0.0 82900 | 29007 | 82900 | 29007 12 0
8 7 8 9 8 9
0.052 N N 0.052 | 5.203 0.052 | 5.203
2014- 0.240 | 0.229
02-24 03229 73176 | 88717 03229 | 22975 0.0 0.0 03229 | 22975 45 0
8 4 4 8 8 8 8
2022- 0.015 0.015 1.501 0.015 1.501
01106 0.0 0.0 01106 | 10614 0.0 0.0 01106 | 10614 37 0
11-11
1 1 3 1 3
Table C.3: Sample from RedditEvents[Cleaned].csv
Event_ | Event_ | Post_ . Unix_Tim
Name Date Date Text SubReddit | Type | Upvotes estamp
Dodd-"| 5910. | 2010- | Very cheerful 1 think | com 128020984
Frank the beginning of part | Economics 2
07-21 | 07-27 ) . ment 1
Act two is most likely...
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Mt.
Gox R .
Collaps | 2014- | 2014- | MuOOXseolapseisa | com || 139321920
e 02-24 | 0224 | Wakeup call. LIyp ment 0
needs better security.
Respon
se
FIX 000 | 2022 | SBFsactionswere 4 o0 com 166814400
Collaps reckless, but crypto 3
11-11 | 11-11 ) rency ment 0
e will recover stronger.

Table C.4: Sample from agoregatedDailySentimentScore.csv

Event Date Event Name Post Date | sentiment score | sentiment score scaled
2010-07-21 Dodd-Frank Act 20120(;07_ -0.078151244 -7.815124426241085
2014-02-24 Mt. Gox Collapse 2014-02- 0.057760065 5.776006525130712
Response 24
2022-11-
2022-11-11 FTX Collapse 1 0.015011061 1.5011061434725026
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